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ABSTRACT 
Increased milk production due to high litter size, coupled with low feed intake, results in 
excessive mobilization of sow body reserves during lactation, and this can have detrimental 
effects on future reproductive performance. A strategy to prevent this is to genetically improve 
sow lactation performance along with other traits of interest. Hence, the objectives of this thesis 
were to estimate breed specific genetic parameters and identify genomic regions associated with 
lactation performance, and to evaluate the accuracy of genomic prediction for traits associated 
with lactation and lactation efficiency in different breeds of pigs. Breed specific genetic 
parameters (by parity, between parities, and across parities) were estimated for traits associated 
with lactation, lactation efficiency, and reproduction, in Yorkshire and Landrace sows from a 
commercial breeding program. Performance data were available for 2107 sows with 1 to 3 
parities (3424 records). Among the traits that measured energy efficiency of sows during 
lactation, sow lactation efficiency showed a low heritability (nearly 0 in Yorkshire and 0.05 in 
Landrace sows), but residual feed intake and net energy balance during lactation showed 
moderate heritabilities in both breeds. Estimates of genetic correlations between traits associated 
with lactation indicated that feed intake of a sow during lactation has a strong negative genetic 
correlation with body resource mobilization traits (-0.35 to -0.70), while body resource 
mobilization traits in turn have a strong positive genetic correlation with litter weight gain (+0.24 
to +0.54) (P<0.05). At the same time, feed intake did not exhibit a significant genetic correlation 
with litter weight gain in either breed. These results suggest that, genetically, increases in feed 
intake during lactation are predominantly used to reduce sow body tissue losses, rather than for 
increasing milk production. Genetic correlations between the same traits measured in parity 1 
and 2 ranged from +0.64 to +0.98, which implies that for some traits associated with lactation 
xiv 
 
and reproduction, first and second parities should be treated as genetically different. Genetic 
correlations between parity 1 lactation traits and parity 2 reproductive performance traits were 
not significantly different from zero in both breeds.  
To understand the genetic architecture of traits associated with lactation and lactation 
efficiency, a genome wide association study (GWAS) using genotypes from the 60k single 
nucleotide polymorphism (SNP) chip was conducted in three populations (Yorkshire n = 821, 
Landrace n = 711, Yorkshire lines divergently selected for RFI n = 525). A Bayesian variable 
selection regression model B (BayesB) was used to estimate the effects of genomic regions on a 
trait. Separate GWAS were conducted for parity 1 and 2 phenotypes using the software GenSel.  
Except for one trait in one breed, for all traits studied more than 90% of the genetic variance 
came from a large number of genomic regions with small effects. The  results suggest that these 
traits are polygenic in nature, without regions or quantitative trait loci (QTL) with big effects. A 
1 Mb region on chromosome 2 (at 44 Mb) explained 43% of the genetic variance for  litter 
weight gain (LWG), an indicator trait for milk production potential, in parity 2 Yorkshire sows. 
Genomic estimated breeding values of Yorkshire sows for this window suggested the presence of 
a bi-allelic QTL, and one SNP in this window captured all variation for LWG. Fitting the 
genotype for this SNP as a fixed class effect in a mixed linear animal model, resulted in highly 
significant P values (P < 0.001) for the effect of genotype at this SNP on litter weight gain, loin 
depth loss, body weight loss, energy balance, and residual feed intake during lactation for parity 
2 Yorkshire sows. Similar results were also observed for these traits for parity 3 sows but with 
lower P values (P < 0.05). No effects were detected for this region in Landrace sows and in the 
divergently selected lines of Yorkshire sows. 
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Most traits associated with lactation exhibited reasonable genetic variation and hence can 
be improved by selection. However, the economical and practical challenges associated with 
measuring some of these traits hinder their routine implementation. Recent technological 
advancements in molecular genetics, especially the high density porcine SNP chip, have 
improved the ability to used genetic markers in the selection process. To evaluate the potential 
benefits of using marker information, accuracies of estimated breeding values (EBV) obtained 
using this marker information were compared with accuracies of pedigree-based EBV. Using a 
validation set of animals that consisted of individuals from a younger generation, accuracies of 
four Bayesian regression methods (BayesB, BayesC, BayesCπ and BayesC0) and a pedigree 
based model (PBLUP) were compared, by correlating the resulting EBV with phenotypes 
corrected for fixed effects. For most traits, accuracies obtained for Bayesian regression methods 
were higher than the pedigree based estimates, and among the Bayesian regression methods, 
BayesB performed better than other models.  
In conclusion, traits associated with lactation in sows have a sizable genetic component 
and there is potential for genetic improvement. Including lactation feed intake and energy 
balance traits in a maternal selection index, should allow concurrent improvement of sow 
lactation performance along with grow finish performance. Also, for traits associated with 
lactation, using genomic information provides more accurate estimates of breeding values than 
pedigree based methods and hence can provide a better response to selection. 
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CHAPTER 1. GENERAL INTRODUCTION 
 
Introduction 
Presence of mammary glands is the ubiquitous morphological feature of mammals. 
Lactation involves secretion of milk from mammary glands and is an essential process in 
mammalian reproduction. Dam’s energy requirement during lactation is high, as it has to 
maintain its own body growth and milk production. The modern sow has additional challenges as 
a result of genetic and management changes that have occurred in the past few decades. Litter 
size in pigs has increased during this period and will continue as an important goal trait in pig 
breeding programs around the world (Spoetter and Distl, 2006; Baxter et al., 2013). Larger litters 
mean more suckled mammary glands, which results in increased milk output from the lactating 
sow (Auldist et al., 1998). To sustain these large litters (or high milk production), the sow has to 
be kept in good body condition. In modern sows, the feed consumed during lactation is not 
sufficient to sustain this high energy demand for milk production and maintenance (Noblet et al., 
1998). Eissen et al. (2000) suggested that during lactation, as milk production is of high priority, 
and if nutrient intake is insufficient, sows will mobilize body reserves in an attempt to maintain 
milk production. However, excess mobilization of body reserves during this period can lead to 
fertility complications in future parities (Lundgren et al., 2014). In addition, a management 
decision to reduce lactation lengths to 3 weeks complicates this situation. Sows loose body 
reserves during the first 2 to 3 weeks of lactation to support milk production and thereafter starts 
to recover for this loss (Eissen et al., 2000). Reducing the lactation length hampers this recovery 
process. Poor body condition of the sow at weaning can result in a longer wean to service 
interval (Tummaruk et al., 2000). Kanis (1990) suggested that selection for increased feed 
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efficiency and leanness during finishing results in a reduced sow appetite as there exist a 
negative genetic correlation between leanness and appetite. Because of this, sows from modern 
genetic lines are prone to the decreased voluntary feed intake during lactation (Whittemore, 
1996). All these factors result in a pig that is good in growth traits but poor in lactation traits. 
Poor lactation traits can lead to early culling (decreased longevity or lifetime production), which 
in turn affect profitability of the commercial producer.  
To improve lactation performance along with other traits of economic importance, 
lactation traits have to be included in the breeding goal. Genetic improvement of sow lactation 
performance is however hampered by the low heritability of traits associated with it (Bergsma et 
al., 2008; Gilbert et al., 2012; Lundgren et al., 2014; Young et al., 2014) and the economical and 
practical challenges associated with measuring these traits (Bergsma et al., 2009). One way to 
overcome this is by using indicator traits for difficult to measure traits or by using molecular 
marker information for making selection decisions.  During the last two decades, there has been 
rapid development of genomic tools, and this has opened new opportunities to address the 
limitations of traditional genetic approaches. Sequencing of the human genome, followed by 
sequencing and re-sequencing of major livestock species has resulted in the discovery of millions 
of single nucleotide polymorphisms (SNPs), which can be used in understanding the genetic 
basis of these complex traits. Availability of marker genotypes from high density SNP panels on 
large numbers of individuals provide new opportunities to examine the underlying genetics of 
these complex traits through genome wide association studies (GWAS) (Goddard and Hayes, 
2009). Inclusion of this molecular marker information into the breeding program was 
demonstrated by Fernando and Grossmann (1989) and later Meuwissen and Goddard (1996) 
predicted that this can increase genetic gain. Genomic selection (GS) as a method of selection by 
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incorporating information from large numbers of molecular markers across the genome was first 
described by Meuwissen et al. (2001), and is based on the principle that information from a large 
number of markers can be used to estimate breeding values of animals, without having precise 
knowledge of specific genes that affect the trait and their locations on the chromosomes. Studies 
using simulated and real-life data from various species (dairy cattle, beef cattle, layer chicken 
and sheep) have shown that utilizing marker information for GS can increase accuracies of 
estimated breeding values (EBV) at a young age, shorter generation intervals and reduce rates of 
inbreeding (Schaeffer, 2006; Daetwyler et al., 2007; Hayes et al., 2009; Daetwyler et al., 2010; 
Saatchi et al., 2011; Wolc et al., 2012; Saatchi et al., 2013). However, published studies of 
accuracies of genomic prediction in pigs are scarce. For practical implementation of GS, as a 
first step, the accuracies of genomic selection over traditional methods have to be examined.  As 
the accuracy of genomic EBV (GEBV) estimated from a large number of markers for within 
breed selection is difficult to evaluate analytically, it can be validated by correlating predictions 
to the phenotypes from a target population or a younger generation (Wolc et al., 2011). GS can 
also be used for making genetic progress in traits that are measured later in life, and those which 
are difficult to measure (Eggen, 2012).  
To optimize the genetic selection for high-performing and robust animals that efficiently 
convert feed to meat, the heritabilities of lactation traits, lactation efficiency, reproduction traits 
and the genetic correlation among all these traits should be known. Having information about the 
underlying genetics of the lactation efficiency will help to understand the trait in a better way and 
can augment the selection processes. Availability of marker genotypes from high-density panels 
of SNP markers on large numbers of individuals provides new opportunities to examine the 
underlying genetics of lactation efficiency traits through GWAS. Additionally, the ability to 
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incorporate SNP marker information into existing genetic evaluation systems allows new 
opportunities for the genetic improvement of these traits. 
At present little is known about the heritability of lactation performance traits and the 
genetic and phenotypic correlations between lactation performance and reproductive traits, 
especially for sows form commercial lines. Also, we do not have any information about the 
accuracies of genomic prediction in traits associated with lactation efficiency in pigs. For 
practical implementation of genomic selection, as a first step, the accuracies of genomic 
selection over traditional methods have to be examined 
The objectives of this dissertation were: 
1. To estimate breed specific genetic parameters (by parity, between parities and across 
parities) for traits associated with lactation, lactation efficiency and reproduction in sows. 
2. To identify indicator traits for predicting economically relevant traits associated with 
lactation and lactation efficiency. 
3. To identify genomic regions associated with sow lactation performance and efficiency 
traits, using a GWAS on high density SNP genotype data. 
4. To validate the accuracies of genomic predictions for sow lactation and lactation 
efficiency traits in different breeds of pigs and to compare these accuracies to traditional 
pedigree based estimates 
 
Dissertation Organization 
Based on the work to achieve the said objectives of this dissertation, four manuscripts for 
submission to scientific journals were written and are included as chapters in the dissertation. 
The motivation and background for this research are included in the current chapter. Breed 
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specific genetic parameters (by parity, between parities and across parities) for traits associated 
with lactation and reproduction in Yorkshire and Landrace sows are reported in chapter 2. A 
genome wide association study using 60k SNP chip genotypes was conducted on traits 
associated with lactation in two lines of Yorkshire pigs that were divergently selected for 
residual feed intake (RFI) during grow-finish and are included in chapter 3. Chapter 4 includes a 
GWAS on the same traits but in Yorkshire and Landrace sows from a commercial nucleus farm 
in Canada. Accuracies of GEBV for traits associated with lactation and reproduction in the 
Yorkshire and Landrace nucleus populations, genotyped using 60kSNP chip, were derived and 
compared to the accuracies of EBV calculated using pedigree-based methods and are reported in 
chapter 5. The general conclusions and discussion of the research completed are summarized in 
chapter 6. The remainder of this chapter includes a brief review of the literature relevant to the 
research reported in the dissertation. Specific relevant literature relative to the research is 
included in each chapter.  
 
Review of Literature 
Milk secretion or lactation is a characteristic feature of all mammalian species. The 
features present in the current mammalian species were assumed to be accumulated through 
gradual radiations of synapsid ancestors, and the mammary gland present in mammals is 
hypothesized to have evolved from apocrine-like glands associated with hair follicles (Oftedal, 
2002; Capuco and Akers, 2009). Evolutionary biologists suggest that these secretary glands 
primarily evolved from providing moisture and immunological support to parchment-shelled 
eggs, to the role of supplying nutrients for offspring (Capuco and Akers, 2009). Milk produced 
by the mother also enhances the survival of offspring by satisfying its immunological needs and 
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by assisting in the endocrine maturation of neonates (Goldman, 2002). The dependency of 
offspring on milk is a key to the life history strategy of all mammals. During gestation in 
anticipation of lactation, dam accumulates energy, which is characterized by an increase in 
visceral fat, insulin production, insulin resistance, and circulating lipid levels (Einstein et al., 
2008). This accumulated energy serves as a reserve for milk production and offers the mother 
and her offspring independence from the fluctuations of food supplies (Pond, 1977). However, 
lactation is not an energetically efficient process, as it takes time and energy to convert food to 
milk, and biochemical reactions are never 100% efficient (Dall and Boyd, 2004) 
Factors affecting nutrient requirements of a lactating sow  
Farrowing marks the end of gestation and starts a new phase called lactation. During 
lactation, demand for energy is high, as the energy available to the sow has to be divided for its 
growth and maintenance, and that required for milk production. The exact nutrient requirement 
of sows during lactation is difficult to quantify and evaluate, as the requirement changes daily 
due to changes in feed consumption, milk composition and volume, body weight loss, and the 
composition of weight loss (Ball et al., 2008). Feed consumed and body resources mobilized are 
two major sources of energy for a sow during lactation. Eissen et al. (2000) suggested that during 
lactation, as milk production is of high priority, and when nutrient intake is insufficient, sows 
will mobilize body reserves in an attempt to maintain milk production. However, excess 
mobilization of body reserves during this period can lead to fertility complications in future 
parities (Lundgren et al., 2014).  
Litter size is one of the most important factors that drive milk production in the sow 
(Eissen et al., 2000). Due to genetic selection, litter size has increased during the past decades 
and will remain as an important goal trait in pig breeding programs around the world (Spoetter 
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and Distl, 2006; Baxter et al., 2013). In response to greater suckling intensity resulting from 
larger litters, sows nursing more piglets produce more milk (Auldist et al., 1998; Revell et al., 
1998). An increase in litter size is directly correlated to increases in mammary gland tissue (Kim 
et al., 1999), which results in higher milk production and thereby higher energy requirements for 
the sow (Auldist et al., 1998).  
Parity also plays a major role in the nutrient requirements of lactating sows. As body 
weight increases with parity, maintenance requirements also increases. In young females (sows 
in first parity), nutrient requirements are higher than in older sows, as young sows are still 
growing during lactation. They require additional nutrients for growth, structural formation, and 
mammary gland development, along with the requirements for replenishing body reserves that 
were mobilized during lactation (Kim et al., 1999).  Pluske et al. (1998) conducted experiments 
on primiparous sows by making them anabolic during lactation by super alimentation and 
concluded that primiparous sows partition extra energy to body growth rather than to milk 
production.  
Stage of lactation is another factor that determines nutrient requirements of sow during 
lactation. Under modern management, average lactation length in sows is around 21 days. 
Energy requirements during this three weeks period is much higher than the energy requirements 
during the 114 days of gestation, as the metabolism of a lactating sow is much higher than that of 
a gestating sow (Ball et al., 2008). Feed consumption is low immediately after farrowing, 
increases as lactation advances, and reaches a maximum by the second or third week of lactation 
(Koketsu et al., 1996). The lower feed intake during early lactation might be due to 
gastrointestinal (GI) limitations, as the GI tract may require time to adapt to the high daily feed 
requirement (Dourmad, 1991; Farmer et al., 1996).  
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Body reserves at farrowing play a vital role in meeting energy requirements of sows 
during lactation (Dourmad, 1991; Revell et al., 1998). Fat sows do not require much feed during 
lactation while sows with low body reserves at farrowing cannot mobilize these resources during 
lactation. Revell et al. (1998) concluded that sows with more back fat at farrowing ate 30% less 
during lactation compared to lean sows. Body weight and fat depots influence feed intake by 
modulating long-term regulation mechanisms (Eissen et al., 2000). Another reason for fat sows 
to have lower voluntary feed intake can be due to a lower supply of endogenous substrates for 
milk production, due to low protein reserves (Revell et al., 1998). During gestation, sows are 
typically kept under a restricted feeding regime and this might limit opportunities for the sow to 
accumulate the necessary nutrients for lactation (Bunter et al., 2007). 
Noblet et al. (1990) have shown that metabolizable energy requirements of a lactating 
sow are high, and usually not met by voluntary feed intake. Therefore, sows mobilize body 
reserves and lose weight during lactation. Calculations by Revell and Williams (1998) suggest 
that sows loose body reserves during the first 2 to 3 weeks of lactation and thereafter start to 
recover body reserves. Rate at which body fat is synthesized and mobilized during lactation is 
related to the milk energy output of the sow (McNamara and Pettigrew, 2002). Excess 
mobilization of body reserves during lactation can lead to fertility complications in future 
parities (Lundgren et al., 2014).  
Other factors that control nutrient intake during lactation are temperature in the farrowing 
room (Black et al., 1993), energy content of the feed (Farmer et al., 1996), and genetics of the 
sow (Eissen et al., 2003). In general over the past few decades, selection for sow productivity in 
maternal lines with emphasis on increasing feed efficiency and lean growth during finishing have 
resulted in leaner, heavier and more efficient sows, that have reduced appetite and lower body 
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reserves at maturity (Kanis, 1990; Kerr and Cameron, 1996; Whittemore, 1996). Grandinson et 
al. (2005) reported that sows selected for lean growth have a higher rate of body resource 
mobilization due to inadequate levels of feed intake during lactation and can lead to an increase 
in the culling rate. 
Energy output during lactation 
Unlike in dairy cattle, direct measurement of milk yield is not possible in pigs. Different 
experimental methods have been proposed for measuring milk yield in pigs, such as the weigh-
suckle-weigh method (Elsely, 1971) or by the isotope dilution method (Pettigrew et al., 1987). 
Both these methods are complicated, labor intensive and expensive and hence cannot be 
implemented on a routine basis in a commercial herd. Routine evaluation of milk yield needs a 
simpler and more straightforward measurement. Increase in body weight of piglets during 
lactation can be considered as an indicator trait for milk yield in pigs (Revell et al., 1998; 
Bergsma et al., 2008). Bergsma et al. (2009) introduced the term energy output during lactation 
as an alternative for litter weight gain. Using equations, the trait energy output calculates the 
energy content in milk from the body weight gain of piglets. Traits litter weight gain and energy 
output reflect the output from the sow through milk production and are both calculated based on 
piglet body weights measured at multiple time points (birth, foster and weaning), and had very 
similar heritability estimates (Bergsma et al., 2008). The estimate of genetic correlation between 
these two traits was near to one, indicating that they are genetically the same trait (Bergsma et 
al., 2008). 
In a review, Eissen et al. (2000) summarized that milk production increases from first to 
second parity, then stays almost constant until fourth parity, and then starts to decrease. They 
concluded that the second parity sows produced around 11 – 26% more milk than primiparous 
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sows. This difference in milk production might be partially due to differences in the number of 
piglets produced between first and second parity. 
Overall efficiency during lactation 
Quantification of energy input and output in a lactating sow is needed to estimate the 
overall energy efficiency of a sow during lactation. Very few studies have dealt with the overall 
energy efficiency of a lactating sow. To define overall energy efficiency of a sow during 
lactation, Bergsma et al. (2008; 2009) defined the sow lactation efficiency as a ratio trait. This 
trait is calculated by dividing total energy output of a sow during lactation by the energy input. 
Gilbert et al. (2012) defined sow residual feed intake as the difference between the observed 
daily feed intake of a sow during lactation and the predicted daily feed intake required for the 
maintenance and production of the sow during lactation. They predicted the daily feed 
requirement of a lactating sow based on multiple regression of feed intake on body weight loss, 
back fat loss, litter weight gain, litter size at weaning and metabolic body weight of the sow. 
Another trait used to measure overall efficiency of a sow during lactation is energy balance, 
defined by Young et al. (2014) as the body energy loss of a sow during lactation. Energy balance 
of a sow was calculated as the difference between the energy retained by the sow at weaning and 
farrowing. Energy retained at farrowing and weaning were calculated from the estimated fat 
mass and protein mass in the body, which in turn were estimated from the back fat and body 
weight measured at farrowing and weaning (Young et al., 2014).  
These efficiency traits take into account various traits such as feed intake, body resource 
mobilization, litter weight gain and help to identify the most efficient animal in the group. 
However, efficiency traits are complex traits and genetic improvement of sow lactation 
performance by selecting animals based on these metrics is limited by the low heritability of 
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traits associated (Bergsma et al., 2009; Gilbert et al., 2012; Lundgren et al., 2014; Young et al., 
2014) and due to the economical and practical challenges associated with measuring these traits 
(Bergsma et al., 2009).   
Genomic prediction of traits associated with lactation 
The aim of any livestock breeding program is to genetically improve the traits of interest. 
Traditional methods of genetic improvement involve calculation of pedigree-based estimated 
breeding values (EBV) using phenotypes recorded on the selection candidate and/or on its 
relatives, along with their pedigree information. The most commonly used statistical procedure 
for estimation of breeding values is best linear unbiased prediction (BLUP) (Henderson, 1975). 
This procedure has been very successful, and most of the genetic improvements that we observe 
in current livestock populations have been attained by selection of animals based on BLUP 
breeding values. 
In the pedigree-based BLUP method, the genes or quantitative trait loci (QTL) that lead 
to the differences in phenotypes are not directly observed. However, identification of 
chromosomal regions or loci that cause phenotypic variation, and utilizing this information in 
selection will help to increase the accuracy of selection and thereby increase the rate of genetic 
gain (Dekkers and Hospital, 2002). Advances in molecular genetic methodologies in the past few 
decades have resulted in identification of various molecular markers that can be used in animal 
breeding programs. Generally three types of markers are used in animal breeding 1) direct 
markers: loci that code for the functional mutation 2) LD markers: markers that are in population 
wide linkage disequilibrium (LD) with the functional mutation, and 3) LE markers: markers that 
are in population wide linkage equilibrium with the functional mutation in an outbred population 
(Dekkers, 2004). LE markers map QTL very imprecisely, as the markers and QTL are in linkage 
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equilibrium, and the marker-QTL linkage phase can differ between families, which requires 
linkage phase to be determined within each family before the marker can be used for selection 
(Goddard et al., 2010).  
Recent technological advances in molecular genetics, such as the sequencing of livestock 
genomes, have improved our ability to use DNA markers in livestock selection more effectively. 
Sequencing of the genome, along with the development of algorithms that enable the 
development of high density SNP chips (Matukumalli et al., 2009) along with new technologies  
have resulted in a dramatic reduction of the cost of SNP genotyping, which has led to a 
revolution in utilizing molecular information in animal breeding (Hayes et al., 2009). 
Development and demonstration of statistical methods that can utilize this high density marker 
information (Meuwissen et al., 2001) has augmented this process.  This type of marker assisted 
selection (MAS) utilizes all QTL across the genome and do not require the linkage phase to be 
determined for each family. Meuwissen et al. (2001), using simulated data showed that MAS 
using markers covering the whole genome and that are in LD with QTL, can significantly 
increase response to selection. This approach of making selection decision is called genomic 
selection, where selection decisions are based on GEBV derived using molecular marker 
information. This approach involves the computation of EBV for individual markers, 
characterized by the SNP genotype. The GEBV of selection candidates are subsequently 
obtained by adding up the values of all inherited chromosome segments.   
Methods for estimating GEBV 
Various statistical methods have been proposed and developed for estimating the EBV of 
chromosomal fragments. The major difference between these methods is in the assumptions 
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made about the distribution of SNP effects, which in turn reflects the distribution of QTL effects 
and the LD between SNPs and QTL. 
1) Least squares methods: These methods fit the marker genotype as a fixed effect and hence 
make no assumption about the distribution of the effects of the marker or chromosome 
segments. As explained by Meuwissen et al. (2001), this method involves two steps, first 
conducting a single marker regression for each marker to estimate the marker effect and then 
selecting the most significant markers, and estimate the effect of these markers 
simultaneously using multiple regression methods. Non-significant marker effects are set to 
zero. The level of significance to be selected for the first level of screening is arbitrary in this 
method, and if it is too stringent, the effects can be overestimated or if it is too lenient, the 
number of markers will be larger than the number of phenotypic observations, in which case 
least square methods cannot be used (Hayes, 2007)   
2) Ridge regression BLUP: Ridge regression BLUP or RR BLUP can simultaneously estimate 
all marker effects by including all variables (markers) in the model. In this method marker 
effect estimates are shrunk towards zero, assuming the marker effects have mean zero and 
the same variance (Whittaker et al., 2000). However, this assumption that marker effects 
have the same variance is unrealistic and hence RR BLUP estimates marker effects 
incorrectly (Xu, 2003). Despite this incorrect assumption, RR BLUP is superior to least 
squares methods, as it simultaneously estimates the effects all markers (Heffner et al., 2009). 
RRBLUP is equivalent to GBLUP that utilizes the genomic relationship matrix (VanRaden, 
2008) 
3) Bayesian  methods A and B: In general, Bayesian methods helps to predict the marker effects 
of high density SNPs covering the entire genome, even when the number of markers 
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genotyped is larger than the number of records. In general, these methods utilize the prior 
knowledge that there are some chromosomal segments having QTL of large effect, some 
have QTL with moderate effects and some have no QTL (Hayes, 2007). Meuwissen et al. 
(2001) proposed two Bayesian methods termed BayesA and BayesB to estimate the marker 
effect.  Bayesian regression models A and B assume a nonlinear distribution of SNP effects. 
The prior distribution for the variances of the marker effects is assumed to be a scale inverted 
Chi-square distribution, with degrees of freedom and scale parameters selected such that the 
mean and variance of the distribution match the expected distribution of QTL, i.e. many QTL 
with small effect and a few with large effect. Meuwissen et al. (2001) assumed that in real 
data, the distribution of the genetic variances across loci is such that there are many loci with 
no genetic variance and a few with genetic variance, and the prior used in BayesA does not 
reflect this. So they came up with a modified method called BayesB to address this issue, 
with a prior mass at zero, thereby allowing markers with no effects. BayesB is a mixture 
model (models in which variables come from one of a mixture of two or more distributions), 
where one of the distributions is associated with SNPs with no effect, while the other 
distributions have SNP-specific means and variances, as in BayesA (Garrick et al., 2014b). 
Using a simulated data set, Meuwissen et al. (2001) showed that GEBV calculated using 
BayesB had higher accuracy than other methods tested (BayesA, RR-BLUP and LS method). 
4) BayesC, BayesC0 and BayesC: Kizilkaya et al. (2010) proposed a modified BayesB model 
called BayesC. BayesC is also a mixture model like BayesB, but with a single common locus 
variance rather than locus-specific variances. BayesC assumes the non-zero effects of SNPs 
to have a normal distribution, is computationally simpler to solve than BayesB, and yields 
similar accuracies as BayesB (Habier et al., 2011). A special case of BayesC, where   (the 
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proportion of markers with no effect or zero effect) is set to zero is called the BayecC0 
method (equivalent to GBLUP). Another modification of the BayesC method is BayesC 
(Habier et al., 2011), which treats  as an unknown parameter with an uniform prior 
distribution and estimates the value of  from the data.  
5) BayesR: BayesR is a recent extension of the BayesC model which assumes that the true 
marker effects are derived from a series of normal distributions, the first one with zero 
variance, up to one with a variance of around 1% of genetic variance for each SNP marker 
(Erbe et al., 2012). The prior assumption in BayesR is less extreme than BayesA, which has a 
different variance for each SNP (Garrick et al., 2014b). In BayesR, the scalar parameter  
used in BayesB and BayesC is extended to a vector with four probabilities to represent three 
distributions of non-zero effects and one distribution with zero effects.  
6) Single-step BLUP: Single-step BLUP is an approach for estimating GEBV that incorporates 
all pedigree, genotype and phenotypic information available from both genotyped and non-
genotyped animals in the training data set in a single step (Misztal et al., 2009).  
7) Garrick et al. (2014a) recently introduced a Bayesian approach to combine the information 
from all genotyped and non-genotyped animals. As suggested by these authors, compared to 
the single-step BLUP method, this Bayesian regression method does not require direct 
inversion of large matrices and is well suited for parallel computing approaches and can be 
extended to other commonly used Bayesian regression methods, such as BayesA, BayesB, 
BayesC, BayesC and GBLUP. 
Genome wide association studies  
The availability of genotypes from high density panels of SNP markers on large numbers 
of individuals provide new opportunities to examine the underlying genetics of these complex 
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traits through genome wide association studies (GWAS) (Goddard and Hayes, 2009). GWAS 
conduct a genome wide search for markers or chromosome regions that have a significant 
association with a phenotype (Garrick and Fernando, 2013).  The assumption behind a GWAS is 
that significant SNPs or regions are in LD with a QTL, i.e. a causative mutation affecting the 
trait (Goddard and Hayes, 2009). Bayesian regression methods, developed based on the genomic 
prediction concept proposed by Meuwissen et al. (2001), have been used to conduct GWAS in 
multiple livestock species. 
 
Conclusions 
Lactation is an energetically demanding process, and traits associated with lactation and 
lactation efficiency are important economic drivers of the profitability of swine production. Feed 
consumed and body resource mobilization are two major sources of energy during lactation. 
Excessive mobilization of body reserves can have a negative impact on future reproductive 
performance. Genetic improvement of these traits is hindered by the difficulty in collecting 
accurate phenotype of these traits. The recent development in genomic tools based on SNP 
markers open new opportunities to examine the underlying genetics of these complex traits.  
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CHAPTER 2. ESTIMATION OF GENETIC PARAMETERS FOR TRAITS 
ASSOCIATED WITH REPRODUCTION, LACTATION AND 
EFFICIENCY IN SOWS 
 
Abstract 
Increased milk production due to high litter size coupled with low feed intake, results in 
excessive mobilization of sow body reserves during lactation, and this can have detrimental 
effects on future reproductive performance. A possibility to prevent this is to improve sow 
lactation performance genetically, along with other traits of interest. The aim of this study was to 
estimate breed specific genetic parameters (by parity, between parities and across parities) for 
traits associated with lactation and reproduction in Yorkshire and Landrace sows. Performance 
data were available for 2107 sows having from 1 to 3 parities (3424 parities). Sow back fat, loin 
depth and body weight at farrowing, feed intake (TFI) and weight loss (BWL) during lactation 
showed moderate heritabilities (0.21 to 0.37) in each breed, whereas back fat loss (BFL) and loin 
depth loss (LDL) showed low heritabilities (0.12 to 0.16). Heritability estimates of the output 
trait litter weight gain (LWG) ranged from 0.16 to 0.18 for both breeds. Among the efficiency 
traits, sow lactation efficiency (SLE) showed extremely low heritability (near to 0) in Yorkshire 
sows, but a slightly higher (0.05) estimate in Landrace sows, whereas residual feed intake (RFI) 
and energy balance traits showed moderate heritabilities in each breed. Across parity genetic 
correlations indicated that TFI of a sow during lactation had strong negative genetic correlations 
with body resource mobilization traits (BWL, BFL and LDL) (-0.35 to -0.70), and tissue 
mobilization traits in turn had a strong positive genetic correlations with LWG (+0.24 to +0.54) 
(P<0.05). However, TFI did not have a genetic correlation with LWG. Also, energy balance 
traits were positively correlated (genetically) with TFI (0.58 to 0.92), and negatively correlated 
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with output traits (-0.33 to -0.56). These correlations suggest that TFI is predominantly used for 
reducing sow body tissue losses, rather than for milk production. Genetic correlations estimated 
between the same trait measured in parity 1 and 2 ranged from 0.64 to 0.98, which implies that 
parities should be treated as genetically different for some traits. Effects of parity 1 lactation 
traits on parity 2 reproductive performance traits were found to be non-significant. Also, genetic 
correlations estimated between traits in parity 1 and 2 indicate that, BWF and BWL measured in 
parity 1 can be used as indicator traits for TFI and RFI measured in parity 1 and 2. 
Keywords: sow lactation performance, feed efficiency, reproductive traits, genetic parameter, 
pig, parities 
 
Introduction 
Lactation, an integral part of reproduction in mammals, is one of the most energy 
demanding processes, as the energy available to the dam has to be partitioned for its maintenance 
and for producing milk. The modern sow is not an exception, but provides additional challenges. 
Litter size in pigs has increased in the past few decades and will continue as an important goal 
trait in breeding programs (Baxter et al., 2013). Larger litters mean more suckled mammary 
glands, which results in increased milk output (Auldist et al., 1998). In modern sows, feed 
consumed during lactation is not sufficient to sustain this high milk production (Noblet et al., 
1998). During lactation, sows mobilize body reserves in an attempt to maintain milk production 
when nutrient intake is insufficient (Eissen et al., 2000). However, excess mobilization of body 
reserves during lactation can lead to fertility complications in future parities (Lundgren et al., 
2014). Kanis (1990) suggested that selection for increased efficiency and leanness during 
finishing results in a reduced sow appetite as there exists a negative genetic correlation between 
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leanness and appetite. Because of this, sows from modern genetic lines are prone to the 
decreased voluntary feed intake during lactation (Whittemore, 1996), which results in a pig that 
is good in growth traits but poor in lactation traits. Poor lactation performance can lead to early 
culling, which in turn can affect the profitability.  
To improve lactation performance along with other traits, lactation traits have to be 
included in the breeding goal. To optimize the breeding scheme and to predict responses to 
selection, it is essential to have accurate estimates of the genetic parameters of all traits 
associated with lactation. The main objective of this study was to estimate breed specific genetic 
parameters for traits associated with lactation and reproduction in Yorkshire and Landrace sows. 
An additional objective was to identify indicator traits for predicting economically relevant traits 
associated with lactation. 
 
Materials and Methods 
Animals were subjected to standard production conditions, and no additional recordings 
were made and hence no approval of the Iowa State University animal care and use committee 
was required. 
Animals 
The study was conducted based on data collected from two commercial pure-bred 
maternal lines of Yorkshire and Landrace sows, which were housed together in the same nucleus 
breeding facility in Canada. Complete information on 3424 farrowings, recorded between 
August 2011 and January 2014 were used for this analysis. Numbers of records by breed and 
parity are in Table 2.1. As the recordings were done in a nucleus breeding facility, where most 
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sows were kept for only two parities, and few were kept for a third farrowing. All remaining 
sows were culled after the third farrowing.  
 
Table 2.1. Number of farrowing records by breed and parity 
Breed No. of sows 
No. of 
farrowings 
Parity 
1 2 3 
Yorkshire 1075 1767 888 642 237 
Landrace 1032 1657 836 564 257 
 
Lactation performance traits 
Bergsma et al. (2009) has elucidated in detail the energy metabolism in a lactating sow 
(Figure 2.1), based on the works of Noblet et al. (1990) and Everts et al. (1994a). Major sources 
of energy for a lactating sow are feed intake and body reserves mobilized during lactation, which 
are considered as energy inputs for a sow during lactation. Energy thus available is used for 
growth and maintenance of the sow and for producing milk. That part of the energy that is 
utilized for producing milk, which in turn is used for the growth and maintenance of piglets, is 
considered as the output from the sow during lactation. Quantification of these energy sources 
allows the overall energy efficiency of sow during lactation to be assessed. Most traits defined 
for this study were related to the energy partition in a sow during lactation, and can be broadly 
divided into pre farrow traits, energy input traits, energy output traits, and overall efficiency 
traits. In addition to these, we also included several reproductive traits in this analysis. All traits 
studied, along with abbreviations used and units, are summarized in Table 2.2 
 
 
 
 
 
26 
 
Table 2.2. Traits studied, abbreviations and measurement units 
Trait category Trait 
Trait 
abbreviation 
Units of 
measurement 
Pre farrow Body weight at farrowing BWF kg 
 Back fat at farrowing BFF mm 
 Loin depth at farrowing LDF mm 
Energy input Body weight loss BWL kg 
 Back fat loss BFL mm 
 Loin depth loss LDL mm 
 Total feed intake TFI kg 
 Energy input EIP MJ ME/day 
Energy output Litter weight gain LWG kg 
 Energy output EOP MJ ME/day 
Efficiency Sow lactation efficiency SLE Percentage 
 Residual feed intake RFI kg 
 Energy balance 1 EB1 MJ ME/day 
 Energy balance 2 EB2  MJ ME/day 
Reproduction Live born piglets LBP Absolute number 
 Stillborn piglets SBP Absolute number 
 Litter size at birth LSB Absolute number 
 Litter size at weaning LSW Absolute number 
MJ ME/day – Mega Joule of Metabolizable Energy per day  
 
 
During gestation, sows were housed in stalls and fed 1.9 to 2.5 kg of commercial sow 
feed per day, containing at least 12.6 Megajoules of Metabolizable Energy per kg (MJ of ME / 
kg) of feed. Around 3 to 5 days before farrowing, sows were moved to the farrowing house and 
fed a lactation diet containing 13.51 MJ of ME/kg of feed. When they were transferred to the 
farrowing room, the sows were weighed and scanned for back fat and loin depth. In the 
farrowing room, sows were housed in individual farrowing pens for the entire period of lactation. 
Fat depth and loin depth were measured using a single ultrasound scan on the left side of the 
sow’s body above the last four ribs, parallel to the backbone, using an Aloka SSD-500V ® 
(Hitachi Aloka, Tokyo, Japan) ultrasound scanning machine. The same measurements (body 
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weight and scan) were repeated on the day of weaning. Farrowings were planned such that one 
farrowing room containing 28 farrowing pens was weaned every week. 
Pre-farrow traits Actual sow body weight at farrowing (BWF) was estimated from the body 
weight measured when she was transferred to the farrowing pen (measured 3 to 5 days before 
farrowing), body weight of the live born and stillborn piglets at birth (measured immediately 
after farrowing) and from the estimated weight of the placenta and intrauterine fluids, based on 
equations derived by Noblet et al. (1985) and Bergsma et al. (2009). Body weight gain of the 
sow between the day of measurement and the day of parturition was assumed to be negligible. 
Back fat (BFF) and loin depth at farrowing (LDF) was obtained directly from the ultrasound 
scan measurements taken when the sow was transferred to the farrowing pen. 
Energy input traits Feed intake and body tissue mobilization are the two major sources of 
energy for the sow during lactation. Total feed intake (TFI) over the whole lactation period was 
measured for all farrowing events analyzed in this study. For measuring TFI, each farrowing pen 
was equipped with a Gestal FM
©
 computerized feeding system from JYGA technologies (Saint-
Nichols, Quebec, Canada). This equipment fed sows multiple times a day in a precise and 
continuous manner.   Each feeder was mounted on the tubing of the feed delivery system, and 
when the sow stimulates the electronic feed activator at the bottom of the feed trough with her 
snout, the system accurately dispensed a measured portion of feed using a motorized auger. As 
the stimulator was located at the bottom of the feed trough and was not accessible when it was 
covered with feed, the sow had to empty the trough to activate the electronic feed activator, 
which avoided wastage and overestimation of feed consumption. Each feeder recorded the real 
time feed disposal and communicated the data to a computer using a wireless network. Sows 
were fed ad libitum and had access to feed from 6.00 AM to 11.45 PM each day. 
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Body energy mobilized by the sow during lactation was estimated using body weight and 
back fat measured at farrowing and weaning. Sow body weight at weaning was corrected for 
water content in the mammary gland, based on experiments conducted by Kim et al. (1999a; 
1999b; 2000) and equations derived by Bergsma et al. (2009). Body weight loss (BWL) of the 
sow during lactation was calculated by subtracting the corrected body weight at weaning from 
the corrected body weight at farrowing (BWF). Back fat loss during lactation (BFL) and loin 
depth loss during lactation (LDL) were calculated by subtracting the back fat and loin depth 
measurements made at weaning from those at farrowing. Therefore, a positive value for these 
traits indicates a loss and a negative value indicates that sows gained in those traits during 
lactation. These three traits constitute the tissue mobilization traits during lactation. 
The energy available for milk production from TFI and body resource mobilization 
constitutes the energy input (EIP) of the sow during lactation. The equation for calculating the 
EIP, as derived by Bergsma et al. (2009), is as follows:  
EIP (MJ ME/day) = (Energy from total feed intake during lactation + Energy from body 
fat mobilization + Energy from body protein mobilization – Energy required for the 
maintenance of the sow )/lactation length 
Energy mobilized from body fat and protein mass during lactation were calculated from 
body weight loss and back fat loss during lactation (Bergsma et al., 2009). The maintenance 
energy requirement of the sow was derived from the sow’s metabolic body weight (average body 
weight
0.75
 (Noblet et al., 1990)) 
Energy output trait. A lactating sow utilizes energy inputs for milk production, which in turn is 
used for the growth and maintenance of piglets. Unlike in dairy cattle, direct measurement of 
milk yield is not practical in sows. A method to measure milk production of a lactating sow is to 
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use piglet growth from birth to weaning as an indicator. In the current study, all non-mummified 
piglets born were weighed at birth, death, weaning and at the time of fostering. This allowed us 
to quantify the exact weight gain of each piglet for each sow. Litter weight gain (LWG) for a 
sow was calculated by summing up the increase in weight of all piglets nursed by that sow and 
was used as an indicator trait for the milk production potential of the sow.  
Another method to estimate the energy output of a sow during lactation is based on the 
energy content of the milk. Based on the work of Everts and Dekker (1994a, b), Bergsma et al. 
(2009) derived equations to calculate the energy content of a sow’s milk by estimating the body 
fat and protein mass gain of  piglets from birth to weaning, which in turn was estimated from 
body weight measurements of piglets at birth and weaning. This trait, expressed on per day basis, 
is called energy output from a sow (EOP) during lactation. The equation for calculating EOP of 
a sow, derived by Bergsma et al. (2009), is as follows: 
EOP (MJ ME/day) = (Energy in fat deposition of live piglets at weaning + Energy in 
protein deposition of live piglets at weaning + Energy in fat deposition of dead piglets + 
Energy in protein deposition of dead piglets + Energy needed for the maintenance of 
weaned piglets + Energy used for the maintenance of the piglets died before weaning) / 
lactation length 
Efficiency traits Overall efficiency of a sow during lactation was estimated in four ways:  
(i) Sow lactation efficiency (SLE): SLE was defined by Bergsma et al. (2008) as the 
ratio of EOP to EIP, expressed as a percentage.  
SLE (%) = (EOP/EIP) * 100 
(ii) Energy balance (EB1), as defined by Young et al. (2014), expressed on a per day 
basis for a sow, was used as an efficiency trait to measure the body energy loss of a sow during 
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lactation. This trait was calculated as the difference between the energy retained by the sow at 
weaning and farrowing. Energy retained at farrowing and weaning were calculated from the 
estimated fat mass and protein mass in the body, which in turn were estimated from the back fat 
and body weight measured at farrowing and weaning. The equation for calculating EB1 derived 
by Young et al. (2014) is as follows: 
EB1 (MJ ME/day) = (Energy retained by sow at weaning – Energy retained by sow at 
farrowing) / lactation length 
Fat mass and protein mass at weaning and farrowing were calculated as per the equations 
derived by Bergsma et al. (2009) and Young et al. (2014). By definition, sows that lose body 
reserves during lactation have a negative value and those that gain have a positive value for EB1. 
(iii) Another way of estimating the energy balance, as used in dairy cattle (Spurlock et 
al., 2012), is based on the difference between the dietary energy consumed and energy 
expenditure required for milk production and maintenance. In this study, this term was estimated 
on a per day basis for each sow and denoted as EB2 and was estimated based on the energy flow 
during lactation, shown in Figure 2.1 (Bergsma et al., 2008; 2009). The equation derived for 
calculating EB2 is: 
EB2 (MJ ME/day) = (((Energy from feed intake during lactation – Energy required for 
the maintenance of the sow) * 0.72) – ((Energy required for the maintenance of the 
piglets + (Energy deposition in piglets /0.78))/0.93))/0.88) 
All component traits used for the calculation of EB2 were estimated on a MJ of ME/day basis.  
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Figure 2.1. Energy metabolism of sows during lactation- a schematic flow chart (Bergsma et al., 
2008; 2009) 
 
(iv) Sow residual feed intake (RFI): Gilbert et al. (2012) defined sow residual feed 
intake as the difference between the observed daily feed intake and the predicted daily feed 
intake required for the maintenance and production of a sow during lactation. They predicted the 
daily feed requirement of a lactating sow based on multiple regression of TFI on BWL, BFL, 
LWG, litter size at weaning and metabolic body weight. In the current study, minor changes 
were made in this multiple regression equation to account for all possible production 
requirements of the sow. Prediction of daily feed intake was based on multiple regression of TFI 
on BWL, BFL, LDL, LWG, EB1, sow metabolic mid-weight, piglet load (explained later in 
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statistical analysis section) and lactation length, along with the fixed class effects of parity and 
year season of farrowing.  
Reproduction traits. Traits included in this category were total live born piglets (LBP), defined 
as all piglets alive at the time of birth; total stillborn piglets (SBP), defined as all non-
mummified piglets that were born dead; total litter size at birth (LSB), which was the sum of 
born alive, born dead and mummies, and litter size at weaning (LSW), which was the number of 
live piglets weaned at the end of lactation. LSW of a sow was calculated based on all piglets 
nursed by a sow, regardless of whether she farrowed them or not. 
Statistical analysis 
For each breed, variance and covariance components were estimated separately using 
ASReml (Gilmore et al., 2009) based on univariate and bivariate mixed linear animal models. 
Complete pedigrees up to three generations back were used, and there was no sharing of pedigree 
between sows from the two breeds studied. 
Piglet load. For studies involving lactation in pigs, most researchers include the number of 
piglets weaned by the sow as a covariate to account for the piglets nursed by the sow. However, 
this does not reflect all events that occur during lactation. For example, sows with the same LBP, 
foster number and pre-weaning mortality, will have the same number of piglets weaned at the 
end of lactation. However, if the fostering and pre-weaning mortality events occurred at different 
time points in lactation, the nutrient demand on the sow will be different, even though the same 
number of piglets was weaned. To explain this in detail, consider two sows, A and B, with LBP 
10, pre-weaning mortality of 2, 2 piglets fostered in, and 3 piglets fostered out. If both sows 
nursed for 10 days, they would wean 7 piglets each at the end of lactation. Table 2.3 explains a 
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hypothetical situation where some of these events happen at different time points in lactation, 
and how this might influence the nutrient demand of sow.  
 
 Table 2.3. Imaginary situation to explain piglet load 
Sow 
id Events 
Day of lactation Piglet 
Load 
1 2 3 4 5 6 7 8 9 10 
A Live born piglets 10           
Pre weaning mortality    1  1     
Fostered in  2         
Fostered out         3  
Daily Load 10 12 12 11 11 10 10 10 7 7 100 
B Live born piglets 10           
Pre weaning mortality    2       
Fostered in  2         
Fostered out     1  2    
Daily Load 10 12 12 10 9 9 7 7 7 7 90 
 
 
In this example, both sows have same number of piglets weaned at the end of lactation, 
but the daily energy demand is not expected to be same for these two sows, as they nursed 
different numbers of piglets on some days. In this example, sow A might require more energy, as 
she nursed more piglets for more days than sow B. This difference cannot be accounted for by 
the number of piglets weaned, and hence we introduced a new variable, piglet load, to account 
for this disparity. Piglet load reflects the total number of piglets nursed by a sow and is 
calculated separately for each sow by adding up the number of piglets suckled per day for the 
entire lactation period. In the example of Table 2.3, we have a piglet load of 100 for sow A and 
90 for sow B, due to differences in the number of piglets nursed each day by these sows. Piglet 
load accounts for differences in the energy demands during lactation on these sows in a better 
way than number of piglets weaned. 
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Trait heritabilities were estimated separately for each breed across all three parities, using 
a single trait repeatability animal model. For each trait, heritabilities were also estimated 
separately for parity 1 and 2 measurements, but not for parity 3 due to insufficient numbers of 
records. In the repeatability models, for all traits, fixed effects included were parity (3 levels) and 
year-season of farrowing (12 levels). The direct additive genetic value of the sow, the permanent 
environmental effect of the sow and contemporary group based on year and week of weaning 
were included as random effects for all traits. Traits BWL, BFL, LDL, TFI, EIP, LWG, EOP, 
SLE, EB1 and EB2 depend on measurements recorded on sows or piglets during lactation or at 
weaning. For these traits, to account for non-genetic variation associated with lactation, 
additional covariates such as lactation length, average birth weight of weaned piglets, five groups 
of starting weight of piglets (numbers of piglets belonging to each group were included as 
covariates to account for differences in the growth potential of fostered piglets), sow body 
weight, back fat and loin depth measured at farrowing, proportion of male piglets in the litter, 
and piglet load were included as covariates. Among the four reproductive traits analyzed, for 
LSW, lactation length was added as a covariate. To estimate heritability of traits within a parity 
(parity 1 or 2), the same models were used, except for the random permanent environmental 
effect of the sow and the fixed effect of parity.  
A series of bivariate analyzes were run to estimate the genetic and phenotypic 
covariances between traits across all three parities. Model terms included were same as those 
used for estimating variance components in the repeatability models. Similar to within parity 
estimation of heritability, genetic and phenotypic correlations were also estimated between traits 
within parity 1 and 2. The same models that were used to estimate variance components by 
parity were used in this case (i.e. including all model components except for the random 
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permanent environmental effect and the fixed effect of parity). Bivariate analyses for some pairs 
of traits, e.g. BFL and BFF, where one trait (BFF) is used both as a trait and as a covariate, 
resulted in inconsistent estimates of genetic parameters, when solved by maximum likelihood 
method. To avoid this, in these situations, one trait (BFL in this example) was pre-adjusted for 
the second trait (BFF in this example) before it was fitted in the 2-trait animal model, as 
explained by Cai et al. (2008).  Regression coefficients used for pre-adjustment were obtained 
from the respective single trait models. 
Genetic correlations were also estimated between the same trait measured in parity 1 and 
2, using a series of bivariate analysis, assuming that the parity 1 trait is genetically different from 
the parity 2 trait, as suggested by Oh et al.  (2006). The models used were same as described 
before, except that the permanent environment component and the fixed effect of parity were 
excluded.  
Indicator traits for economically relevant traits 
The cost of production and income together determine the profitability of any enterprise. 
Among the lactation traits described above, some directly influence the cost or income from 
production, and are hence considered as economically relevant traits (ERT). Traits identified as 
ERTs in this study were TFI, LWG and RFI in parity 1 and 2, and LSB in parity 2. Some of these 
ERTs are difficult to measure on a regular basis due to financial constraints (TFI, RFI and 
LWG), and some can only be recorded later in life (second parity LSB). Measuring these ERTs 
on a regular basis on all sows in a commercial setting may not be economically viable. An 
alternative is to use indicator traits for ERTs. Any trait that has a systematic genetic relationship 
with an ERT can be considered as an indicator trait. 
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Indicator traits for ERTs tested in this study were BWF, BFF, LDF, BWL, BFL and LDL 
measured in parity 1. These traits can be measured easily, economically and appear relatively 
early in life. To be useful as an indicator trait, there should be a genetic correlation between 
ERTs and indicator traits. Genetic correlations between all indicator traits and all ERTs were 
estimated using bivariate animal model equations. Fixed and random effects used in the model 
were same as described above, except for the random permanent environmental effect and the 
fixed effect of parity 
 
Results 
Descriptive Statistics 
Means by breed, numbers of observations and standard deviations of the traits analyzed 
in this study are given in Table 2.4. The number of observations available for each trait varied as 
not all sows had complete information on all required parameters. The efficiency trait SLE 
involves the most complex calculations and requires information on multiple component traits, 
and hence had the lowest number of observations. The average lactation length was 20.6 (3.3) 
and 19.9 (3.4) days for Yorkshire and Landrace sows, respectively.  
In general, Yorkshire sows were heavier at farrowing and weaned larger and heavier 
litters, but they consumed more feed and lost more body tissue during lactation than Landrace 
sows, i.e. they had greater energy inputs than Landrace sows. Outputs (LWG and EOP) of 
Yorkshire sows were only slightly higher than those of Landrace sows. This resulted in 
moderately lower SLE for Yorkshire sows compared to Landrace sows. The negative values of 
EB1 and EB2 indicate that, on average, sows mobilized body resources during lactation, 
resulting in a negative energy balance. Overall, the reproductive performance of Yorkshire sows 
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was better than that of Landrace sows; they produced larger litters and weaned heavier, and a 
larger number of piglets compared to Landrace sows. 
 
Table 2.4. Descriptive statistics of the traits studied by breed; standard deviations in parentheses 
Trait category Trait, Unit 
Yorkshire Landrace 
n Mean (SD) n Mean (SD) 
Pre farrow BWF, kg 1758 228.3 (24.0) 1647 223.5 (23.5) 
 BFF, mm 1759 22.4 (4.7) 1652 22.4 (4.9) 
 LDF, mm 1759 64.0 (7.0) 1652 65.0 (6.9) 
Energy input BWL, kg 1681 11.9 (13.6) 1580 7.3 (13.5) 
 BFL, mm 1688 2.5 (3.9) 1590 2.4 (3.7) 
 LDL, mm 1686 2.3 (6.9) 1590 2.6 (7.0) 
 TFI, kg 1767 103.0 (27.0) 1657 93.8 (25.8) 
 EIP, MJ ME/day 1611 55.8 (16.4) 1503 50.6 (14.7) 
Energy output LWG, kg 1760 46.7 (13.01) 1649 44.9 (12.6) 
 EOP, MJ ME/day 1760 34.3 (7.2) 1649 33.7 (7.0) 
Efficiency SLE, % 1611 67.2 (21.4) 1503 73.0 (23.2) 
 EB1, MJ ME/day 1611 -11.8 (14.1) 1516 -10.2 (13.8) 
 EB2, MJ ME/day 1681 -14.8 (10.9) 1580 -17.1 (9.8) 
Reproduction LBP 1767 13.0 (3.3) 1657 12.0 (3.0) 
 SBP 1767 1.6 (1.7) 1657 1.4 (1.6) 
 LSB 1767 15.0 (3.7) 1657 13.6 (3.3) 
 LSW 1767 10.4 (2.5) 1657 10.0 (2.4) 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body 
weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = 
Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; EB1 = Energy balance 1; EB2 = Energy 
balance 2; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW = Litter size at 
weaning; MJ ME/day =  Mega Joule of Metabolizable Energy per day  
 
 
Genetic parameters 
Heritabilities. Estimates of heritability by parity and across parities, along with estimates 
of variance due to permanent environment effects and genetic correlations between the same trait 
measured in parity 1 and 2, are presented in Table 2.5 and Table 2.6 for Yorkshire and Landrace 
sows, respectively.  
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Table 2.5. Estimates of heritability (parity1, 2 and overall), permanent environment effects 
(proportion of phenotypic variance) and genetic correlations for the same trait measured in parity 
1 and 2 in Yorkshire sows; Standard errors in parentheses 
Trait 
Heritability Permanent 
environment 
effects  
Genetic correlation 
between Parity 1 
and 2  Parity 1 Parity 2 Overall 
BWF 0.26 (0.07) 0.27 (0.09) 0.24 (0.05) 0.36 (0.04) 0.74 (0.13) 
BFF 0.33 (0.08) 0.22 (0.08) 0.29 (0.06) 0.23 (0.05) 0.98 (0.11) 
LDF 0.35 (0.08) 0.29 (0.09) 0.31 (0.05) 0.11 (0.05) 0.65 (0.16) 
BWL 0.34 (0.08) 0.25 (0.08) 0.25 (0.05) 0.14 (0.05) 0.91 (0.10) 
BFL 0.03 (0.05) 0.00 (0.00) 0.10 (0.04) 0.09 (0.05) ne 
LDL 0.12 (0.06) 0.19 (0.09) 0.13 (0.04) 0.11 (0.05) 0.90 (0.30) 
TFI 0.31 (0.08) 0.23 (0.08) 0.28 (0.05) 0.15 (0.05) 0.86 (0.16) 
EIP 0.00 (0.00) 0.03 (0.07) 0.01 (0.03) 0.20 (0.05) ne 
LWG 0.22 (0.08) 0.17 (0.08) 0.16 (0.04) 0.07 (0.05) 0.85 (0.17) 
EOP 0.21 (0.08) 0.20 (0.09) 0.17 (0.05) 0.09 (0.05) 0.83 (0.18) 
SLE 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.09 (0.03) ne 
EB1 0.11 (0.07) 0.08 (0.08) 0.13 (0.04) 0.12 (0.05) ne 
EB2  0.34 (0.08) 0.19 (0.08) 0.30 (0.05) 0.14 (0.05) 0.92 (0.16) 
RFI 0.22 (0.08) 0.19 (0.08) 0.26 (0.05) 0.16 (0.05) 0.87 (0.16) 
LBP 0.06 (0.05) 0.15 (0.08) 0.06 (0.03) 0.09 (0.05) 0.70 (0.45) 
SBP 0.17 (0.07) 0.09 (0.06) 0.12 (0.04) 0.07 (0.05) 0.88 (0.32) 
LSB 0.04 (0.05) 0.25 (0.09) 0.11 (0.04) 0.14 (0.05) 0.86 (0.56) 
LSW 0.00 (0.05) 0.12 (0.08) 0.04 (0.03) 0.13 (0.05) ne 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = 
Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin 
depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = 
Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = 
Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
 
In general, heritability estimates across parity were moderately high for all pre-farrow 
traits but low for reproductive traits in each breed. Among the input traits, TFI and BWL showed 
moderate heritabilities when compared to BFL, LDL and EIP. Heritability estimates of output 
traits (LWG and EOP) ranged from 0.16 to 0.18 for each breed. Among the efficiency traits, RFI 
and EB2 were moderately heritable in each breed, whereas SLE showed an extremely low 
heritability estimate (near to zero) for Yorkshire sows, but a slightly higher (0.05) estimate for 
Landrace sows. Of the two traits that enter into the calculation of SLE (EIP and EOP), EOP 
showed moderate heritability in each breed (0.17), but EIP showed very low heritability in 
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Yorkshire sows (0.01) when compared to Landrace (0.11), which might be a reason for the low 
heritability estimates of SLE in Yorkshire  
 
Table 2.6. Estimates of heritability (parity1, 2 and overall), permanent environment effects 
(proportion of phenotypic variance) and genetic correlations for the same trait measured in parity 
1 and 2 in Landrace sows; Standard errors in parentheses 
Trait 
Heritability Permanent 
environment  
effects  
Genetic correlation 
between Parity 1 
and 2  Parity 1 Parity 2 Overall 
BWF 0.34 (0.08) 0.10 (0.07) 0.21 (0.05) 0.27 (0.05) 0.81 (0.15) 
BFF 0.47 (0.08) 0.16 (0.08) 0.38 (0.06) 0.18 (0.05) 0.77 (0.28) 
LDF 0.20 (0.07) 0.19 (0.10) 0.24 (0.05) 0.08 (0.05) ne 
BWL 0.41 (0.08) 0.42 (0.11) 0.32 (0.04) 0.00 (0.00) 0.84 (0.11) 
BFL 0.07 (0.06) 0.20 (0.09) 0.16 (0.04) 0.05 (0.05) 0.88 (0.49) 
LDL 0.07 (0.06) 0.20 (0.10) 0.12 (0.04) 0.03 (0.05) ne 
TFI 0.33 (0.08) 0.19 (0.10) 0.37 (0.06) 0.08 (0.05) 0.93 (0.21) 
EIP 0.00 (0.05) 0.22 (0.09) 0.11 (0.04) 0.08 (0.05) ne 
LWG 0.12 (0.06) 0.20 (0.10) 0.18 (0.05) 0.02 (0.05) 0.80 (0.23) 
EOP 0.10 (0.06) 0.17 (0.10) 0.17 (0.05) 0.08 (0.05) 0.85 (0.22) 
SLE 0.00 (0.00) 0.16 (0.08) 0.05 (0.03) 0.03 (0.05) ne 
EB1 0.26 (0.08) 0.25 (0.09) 0.23 (0.05) 0.00 (0.00) 0.65 (0.25) 
EB2  0.45 (0.09) 0.21 (0.10) 0.36 (0.06) 0.07 (0.05) ne 
RFI 0.34 (0.08) 0.11 (0.08) 0.30 (0.06) 0.07 (0.05) 0.93 (0.16) 
LBP 0.21 (0.07) 0.04 (0.07) 0.07 (0.04) 0.11 (0.05) 0.64 (0.48) 
SBP 0.09 (0.06) 0.19 (0.10) 0.11 (0.04) 0.13 (0.05) 0.88 (0.32) 
LSB 0.27 (0.07) 0.06 (0.07) 0.17 (0.05) 0.08 (0.05) 0.65 (0.35) 
LSW 0.00 (0.00) 0.09 (0.07) 0.02 (0.03) 0.17 (0.05) ne 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = 
Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin 
depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = 
Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = 
Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
 
 
 
 
 
Table 2.7. Estimates of correlations between traits for Yorkshire sows; genetic correlations above diagonal, phenotypic correlations 
below diagonal, SE in parentheses; bold printed correlations differ from zero (p<0.05) 
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0.43 
(0.13) 
0.39 
(0.14) 
 -0.30 
(0.18) 
 -0.66 
(0.13) 
 -0.37 
(0.17) 
0.50 
(0.15) 
 -0.05 
(0.19) 
 -0.04 
(0.19) 
0.71 
(0.13) 
0.35 
(0.16) 
0.42 
(0.15) 
 -0.30 
(0.24) 
 -0.32 
(0.19) 
 -0.39 
(0.20) 
 0.21 
(0.31) 
BFF 0.37 
(0.02)  
0.23 
(0.14) 
 -0.23 
(0.15) 
-0.65 
(0.17) 
0.11 
(0.19) 
 -0.09 
(0.15) 
0.04 
(0.19) 
0.01 
(0.18) 
0.48 
(0.15) 
-0.03 
(0.15) 
 -0.10 
(0.15) 
 -0.31 
(0.23) 
 -0.20 
(0.19) 
-0.41 
(0.20) 
 -0.23 
(0.29) 
LDF 0.31 
(0.03) 
0.23 
(0.03)  
 -0.23 
(0.14) 
-0.44 
(0.19) 
-0.69 
(0.15) 
 -0.08 
(0.14) 
-0.45 
(0.16) 
-0.41 
(0.16) 
0.45 
(0.16) 
0.18 
(0.14) 
 -0.01 
(0.14) 
-0.44 
(0.22) 
 -0.26 
(0.18) 
-0.49 
(0.17) 
 -0.12 
(0.29) 
BWL 0.26 
(0.03) 
-0.14 
(0.03) 
-0.13 
(0.03)  
0.51 
(0.17) 
0.60 
(0.15) 
-0.70 
(0.09) 
0.24 
(0.17) 
0.29 
(0.16) 
-0.91 
(0.07) 
-0.74 
(0.09) 
-0.66 
(0.11) 
 -0.23 
(0.22) 
0.18 
(0.18) 
 -0.13 
(0.19) 
0.20 
(0.26) 
BFL -0.43 
(0.03) 
 -0.02 
(0.04) 
-0.16 
(0.03) 
0.33 
(0.02)  
0.47 
(0.22) 
-0.52 
(0.21) 
0.42 
(0.21) 
0.53 
(0.20) 
-0.88 
(0.06) 
-0.75 
(0.15) 
 -0.43 
(0.24) 
 -0.32 
(0.33) 
0.35 
(0.25) 
 -0.01 
(0.29) 
0.26 
(0.40) 
LDL -0.26 
(0.03) 
0.02 
(0.04) 
0.04 
(0.04) 
0.27 
(0.03) 
0.30 
(0.03)  
-0.35 
(0.17) 
0.52 
(0.19) 
0.57 
(0.18) 
-0.67 
(0.17) 
-0.60 
(0.15) 
 -0.27 
(0.18) 
 -0.01 
(0.27) 
0.08 
(0.23) 
0.01 
(0.24) 
0.26 
(0.32) 
TFI 0.07 
(0.03) 
-0.12 
(0.04) 
 -0.05 
(0.03) 
-0.43 
(0.02) 
-0.12 
(0.03) 
-0.14 
(0.03)  
0.12 
(0.17) 
0.06 
(0.18) 
0.92 
(0.14) 
0.85 
(0.06) 
0.95 
(0.01) 
 -0.06 
(0.24) 
 -0.09 
(0.19) 
 -0.09 
(0.20) 
 -0.04 
(0.27) 
LWG 0.02 
(0.03) 
-0.12 
(0.04) 
-0.06 
(0.03) 
0.19 
(0.03) 
0.24 
(0.03) 
0.15 
(0.03) 
0.30 
(0.03)  
ne 
 -0.33 
(0.19) 
-0.52 
(0.13) 
0.13 
(0.18) 
0.03 
(0.28) 
0.09 
(0.22) 
0.01 
(0.24) 
0.86 
(0.21) 
EOP 0.09 
(0.03) 
-0.17 
(0.03) 
-0.06 
(0.03) 
0.20 
(0.03) 
0.19 
(0.03) 
0.14 
(0.03) 
0.26 
(0.03) 
0.98 
(0.01)  
-0.43 
(0.18) 
-0.56 
(0.12) 
0.07 
(0.18) 
 -0.02 
(0.28) 
0.14 
(0.21) 
 -0.01 
(0.24) 
0.80 
(0.16) 
EB1 0.29 
(0.03) 
0.03 
(0.03) 
0.18 
(0.04) 
-0.63 
(0.02) 
-0.92 
(0.01) 
-0.32 
(0.03) 
0.25 
(0.03) 
-0.27 
(0.03) 
-0.26 
(0.03)  
0.85 
(0.08) 
0.69 
(0.19) 
0.16 
(0.28) 
 -0.33 
(0.21) 
 -0.06 
(0.24) 
 -0.35 
(0.30) 
EB2 -0.04 
(0.04) 
0.02 
(0.04) 
0.01 
(0.04) 
-0.52 
(0.02) 
-0.33 
(0.02) 
-0.27 
(0.03) 
0.70 
(0.01) 
-0.50 
(0.02) 
-0.54 
(0.02) 
0.38 
(0.02) 
 
0.93 
(0.02) 
-0.03 
(0.22) 
-0.24 
(0.19) 
-0.13 
(0.20) 
-0.61 
(0.18) 
RFI 0.08 
(0.03) 
-0.06 
(0.03) 
-0.07 
(0.03) 
-0.35 
(0.03) 
0.18 
(0.03) 
 -0.05 
(0.03) 
0.93 
(0.01) 
0.43 
(0.02) 
0.36 
(0.02) 
-0.14 
(0.03) 
0.69 
(0.01)  
 -0.33 
(0.23) 
 -0.09 
(0.20) 
 -0.31 
(0.21) 
 -0.34 
(0.24) 
LBP -0.18 
(0.02) 
 -0.05 
(0.03) 
-0.18 
(0.02) 
-0.20 
(0.03) 
0.08 
(0.03) 
0.01 
(0.03) 
0.09 
(0.03) 
0.08 
(0.03) 
0.02 
(0.03) 
 -0.03 
(0.03) 
0.09 
(0.03) 
-0.08 
(0.02)  
 -0.08 
(0.29) 
ne 
 -0.13 
(0.43) 
4
0
 
 
 
Table 2.7 continued 
SBP -0.07 
(0.03) 
-0.07 
(0.03) 
-0.14 
(0.03) 
-0.07 
(0.03) 
0.08 
(0.02) 
0.04 
(0.03) 
-0.06 
(0.03) 
 -0.05 
(0.03) 
-0.08 
(0.03) 
-0.06 
(0.03) 
0.01 
(0.03) 
 -0.03 
(0.02) 
-0.10 
(0.02)  
0.54 
(0.18) 
0.28 
(0.36) 
LSB -0.19 
(0.03) 
-0.08 
(0.03) 
-0.24 
(0.02) 
-0.18 
(0.03) 
0.12 
(0.03) 
0.05 
(0.03) 
0.01 
(0.03) 
0.01 
(0.03) 
-0.06 
(0.03) 
-0.07 
(0.03) 
0.07 
(0.03) 
-0.08 
(0.02) 
0.88 
(0.01) 
0.41 
(0.02)  
 0.17 
(0.37) 
LSW -0.06 
(0.03) 
 0.04 
(0.03) 
 -0.05 
(0.03) 
0.26 
(0.03) 
-0.12 
(0.03) 
-0.06 
(0.03) 
0.11 
(0.03) 
0.43 
(0.02) 
0.69 
(0.02) 
-0.19 
(0.03) 
-0.51 
(0.03) 
-0.20 
(0.03) 
0.10 
(0.02) 
-0.12 
(0.02) 
0.03 
(0.02)  
Bivariate analysis involving traits EIP and SLE failed to attain convergence in Yorkshire sows as the additive genetic variance associated with 
these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Table 2.8. Estimates of correlations between traits for Landrace sows; genetic correlations above diagonal, phenotypic correlations 
below diagonal, SE in parentheses; bold printed correlations differ from zero (p<0.05) 
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0.49 
(0.13) 
0.02 
(0.17) 
0.01 
(0.16) 
-0.41 
(0.18) 
 -0.18 
(0.21) 
0.36 
(0.15) 
 -0.33 
(0.23) 
0.18 
(0.18) 
0.08 
(0.19) 
0.53 
(0.23) 
0.39 
(0.14) 
0.13 
(0.17) 
0.27 
(0.16) 
0.00 
(0.22) 
 -0.08 
(0.17) 
 -0.15 
(0.17) 
ne 
BFF 0.36 
(0.03)  
0.39 
(0.13) 
-0.29 
(0.09) 
-0.901 
(0.08) 
 -0.25 
(0.20) 
-0.26 
(0.12) 
-0.661 
(0.13) 
0.18 
(0.13) 
0.09 
(0.13) 
 -0.35 
(0.36) 
0.03 
(0.16) 
0.07 
(0.13) 
-0.26 
(0.12) 
 -0.07 
(0.18) 
-0.43 
(0.17) 
 -0.25 
(0.16) 
 -0.50 
(0.66) 
LDF 0.30 
(0.03) 
0.24 
(0.03)  
-0.062 
(0.15) 
 -0.02 
(0.18) 
-0.622 
(0.17) 
 -0.11 
(0.15) 
 -0.10 
(0.23) 
 -0.12 
(0.18) 
 -0.22 
(0.18) 
 -0.03 
(0.28) 
0.162 
(0.16) 
0.09 
(0.15) 
 -0.18 
(0.15) 
0.00 
(0.21) 
-0.34 
(0.17) 
 -0.16 
(0.17) 
 -0.09 
(0.36) 
BWL 0.42 
(0.03) 
0.04 
(0.03) 
-0.06 
(0.03)  
0.01 
(0.18) 
0.49 
(0.16) 
-0.60 
(0.09) 
0.57 
(0.18) 
0.49 
(0.16) 
0.49 
(0.17) 
 -0.12 
(0.25) 
-0.80 
(0.07) 
-0.73 
(0.08) 
ne 
 -0.16 
(0.18) 
 -0.28 
(0.20) 
 -0.21 
(0.16) 
 -0.08 
(0.38) 
BFL -0.12 
(0.03) 
0.42 
(0.02) 
0.07 
(0.04) 
0.14 
(0.03)  
0.31 
(0.19) 
-0.63 
(0.15) 
0.59 
(0.13) 
0.39 
(0.16) 
0.53 
(0.17) 
 -0.54 
(0.14) 
-0.90 
(0.02) 
-0.23 
(0.13) 
 -0.25 
(0.20) 
0.17 
(022) 
 -0.11 
(0.24) 
0.12 
(0.19) 
0.03 
(0.45) 
LDL -0.09 
(0.03) 
0.07 
(0.04) 
0.42 
(0.02) 
0.18 
(0.03) 
0.17 
(0.03)  
 -0.11 
(0.19) 
0.43 
(0.26) 
0.39 
(0.21) 
0.29 
(0.22) 
 -0.36 
(0.34) 
-0.42 
(0.16) 
-0.31 
(0.17) 
 0.14 
(0.19) 
0.42 
(0.26) 
0.00 
(0.27) 
0.33 
(0.22) 
 -0.53 
(0.57) 
TFI 0.04 
(0.03) 
-0.19 
(0.04) 
-0.09 
(0.04) 
-0.47 
(0.02) 
-0.10 
(0.03) 
-0.10 
(0.03)  
0.49 
(0.10) 
0.31 
(0.18) 
0.23 
(0.18) 
-0.48 
(0.20) 
0.58 
(0.10) 
0.90 
(0.04) 
0.92 
(0.01) 
 -0.01 
(0.19) 
0.38 
(0.21) 
0.08 
(0.17) 
0.40 
(0.38) 
EIP -0.08 
(0.04) 
0.23 
(0.03) 
0.10 
(0.04) 
0.19 
(0.03) 
0.78 
(0.01) 
0.14 
(0.03) 
0.44 
(0.02)  
0.75 
(0.14) 
0.73 
(0.15) 
ne 
-0.64 
(0.10) 
ne ne 
0.18 
(0.27) 
0.06 
(0.28) 
0.19 
(0.24) 
0.32 
(0.53) 
LWG 0.09 
(0.03) 
0.03 
(0.04) 
0.09 
(0.04) 
0.09 
(0.03) 
0.10 
(0.03) 
0.09 
(0.03) 
0.31 
(0.03) 
0.30 
(0.03)  
ne 
 -0.27 
(0.23) 
-0.40 
(0.14) 
-0.20 
(0.11) 
ne 
 -0.02 
(0.22) 
0.14 
(0.24) 
0.03 
(0.20) 
0.33 
(0.45) 
EOP 0.05 
(0.03) 
0.04 
(0.04) 
0.02 
(0.04) 
0.09 
(0.03) 
0.08 
(0.03) 
0.08 
(0.03) 
0.25 
(0.03) 
0.31 
(0.03) 
0.92 
(0.01)  
 -0.27 
(0.29) 
-0.43 
(0.14) 
-0.39 
(0.14) 
0.19 
(0.15) 
 -0.12 
(0.22) 
0.13 
(0.25) 
 -0.08 
(0.20) 
0.59 
(0.38) 
SLE 0.18 
(0.03) 
-0.34 
(0.03) 
 -0.05 
(0.04) 
-0.15 
(0.03) 
-0.72 
(0.02) 
-0.11 
(0.03) 
-0.31 
(0.03) 
 -0.84 
(0.02) 
0.06 
(0.03) 
0.08 
(0.03)  
ne ne 
-0.70 
(0.11) 
 -0.38 
(0.31) 
0.10 
(0.37) 
 -0.31 
(0.27) 
 -0.11 
(0.71) 
EB1  -0.05 
(0.04) 
-0.35 
(0.03) 
-0.09 
(0.04) 
-0.52 
(0.02) 
-0.92 
(0.01) 
-0.21 
(0.03) 
0.24 
(0.02) 
-0.74 
(0.01) 
-0.11 
(0.03) 
-0.13 
(0.03) 
-0.68 
(0.02)  
0.73 
(0.11) 
ne 
 -0.11 
(0.20) 
0.12 
(0.22) 
 -0.09 
(0.18) 
 -0.11 
(0.42) 
EB2 -0.22 
(0.04) 
0.03 
(0.04) 
0.02 
(0.04) 
-0.48 
(0.02) 
-0.14 
(0.03) 
-0.17 
(0.03) 
0.77 
(0.01) 
0.20 
(0.03) 
-0.34 
(0.02) 
-0.40 
(0.02) 
-0.32 
(0.03) 
0.34 
(0.03) 
 ne 
0.14 
(0.19) 
0.23 
(0.20) 
0.19 
(0.16) 
0.06 
(0.39) 
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Table 2.8 continued 
RFI 0.05 
(0.03) 
-0.17 
(0.03) 
-0.09 
(0.03) 
-0.49 
(0.03) 
0.29 
(0.03) 
 -0.03 
(0.03) 
0.91 
(0.01) 
0.67 
(0.02) 
0.40 
(0.02) 
0.33 
(0.03) 
-0.49 
(0.02) 
-0.04 
(0.04) 
0.67 
(0.02)  
 -0.06 
(0.21) 
0.41 
(0.21) 
0.08 
(0.17) 
0.33 
(0.49) 
LBP -0.14 
(0.03) 
 -0.05 
(0.03) 
-0.16 
(0.03) 
-0.25 
(0.03) 
 0.00 
(0.03) 
0.01 
(0.03) 
0.06 
(0.03) 
 -0.05 
(0.03) 
-0.09 
(0.03) 
-0.08 
(0.03) 
 -0.03 
(0.03) 
0.10 
(0.03) 
0.23 
(0.03) 
 -0.01 
(0.03)  
0.15 
(0.27) 
Ne 
0.19 
(0.55) 
SBP  -0.04 
(0.03) 
-0.11 
(0.03) 
-0.12 
(0.03) 
-0.07 
(0.03) 
0.04 
(0.03) 
0.00 
(0.03) 
0.01 
(0.03) 
0.05 
(0.03) 
 -0.03 
(0.03) 
-0.08 
(0.03) 
-0.07 
(0.03) 
 -0.03 
(0.03) 
0.06 
(0.03) 
0.03 
(0.03) 
-0.15 
(0.03)  
0.59 
(0.18) 
0.26 
(0.64) 
LSB -0.16 
(0.03) 
-0.11 
(0.03) 
-0.21 
(0.03) 
 -0.18 
(0.03) 
0.05 
(0.03) 
0.00 
(0.03) 
0.02 
(0.03) 
0.02 
(0.03) 
-0.08 
(0.03) 
-0.13 
(0.03) 
-0.09 
(0.03) 
0.01 
(0.03) 
0.17 
(0.03) 
0.00 
(0.03) 
0.85 
(0.01) 
0.36 
(0.03)  
0.30 
(0.62) 
LSW -0.08 
(0.03) 
 -0.02 
(0.03) 
 -0.02 
(0.02) 
0.09 
(0.03) 
0.00 
(0.03) 
0.05 
(0.03) 
0.04 
(0.03) 
0.22 
(0.03) 
0.18 
(0.03) 
0.66 
(0.02) 
0.12 
(0.03) 
-0.17 
(0.03) 
-0.34 
(0.03) 
-0.14 
(0.03) 
0.16 
(0.02) 
-0.18 
(0.03) 
0.05 
(0.02)  
1
 – Traits BFL and EIP were pre adjusted for BFF; 2 – Traits BWL, LDL and EB1 were pre adjusted for LDF ; ne = Convergence not attained and hence 
estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL 
= Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation 
efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at 
birth; LSW = Litter size at weaning 
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Genetic correlations for the same trait measured in parity 1 and 2 ranged from 0.64 to 
0.95 in Landrace and from 0.65 to 0.98 in Yorkshire sows. In both breeds, for some traits (BFL, 
EIP, SLE, LSW in Yorkshire and LDF, LDL, EIP, SLE, EB2 and LSW in Landrace), 
covariances between the same trait measured in parity 1 and 2 were not estimable, either due to 
near zero additive genetic variances in one parity, or perhaps due to the high genetic correlation 
between the same trait measured in two parities. 
Genetic correlations between traits. Genetic correlations between traits, across three 
parities, estimated using bivariate repeatability models, are in Table 2.7 and Table 2.8 In 
Yorkshire sows, analyses involving EIP and SLE failed to attain convergence, as the additive 
genetic variance associated with these traits was near to zero, hence, estimates for these traits are 
not shown.  
In general, genetic correlations between body tissue mobilization traits (BWL, BFL and 
LDL) and output traits (LWG and EOP) were consistently positive, but genetic correlations 
between TFI and output traits were not significantly different from zero (P > 0.05). This 
indicates that sows with a high genetic merit for body tissue mobilization during lactation 
yielded genetically greater litter weight gain, and that the milk production potential of a sow is 
genetically more correlated with body resource mobilization than with feed intake during 
lactation. Among the input traits, estimates of the genetic correlation between TFI and traits 
associated with body resource mobilization (BWL, BFL and LDL) were negative in both breeds, 
suggesting that sows with genetically high ad libitum feed intake capacity, lost less body 
resource during lactation. From these results, we can summarize this complex relationship as 
follows: feed intake of a sow during lactation had a strong negative genetic correlation with body 
resource mobilization traits, and tissue mobilization traits in turn had a strong positive genetic 
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correlation with output traits. However, surprisingly, feed intake during lactation did not have a 
genetic correlation with output traits.  
The relationships between TFI, body tissue mobilization traits (BWL, BFL and LDL) and 
output traits (LWG and EOP) in two different parities were studied in detail, by estimating 
genetic correlations by parity between these traits in each breed. Supplementary Table 2.3 to 
Supplementary Table 2.6 shows the genetic correlations by parity among all traits for both 
breeds. Genetic correlations between TFI and output traits were not significantly different from 
zero (P > 0.05) in all four situations (parity 1 and 2 for Yorkshire and Landrace sows), but the 
results exhibited some trends. In parity 1, genetic correlations between TFI and output traits were 
very low, ranging from -0.31 to 0.13, whereas in parity 2, in both breeds, genetic correlations 
were slightly greater and ranged from 0.29 to 0.34. Genetic correlations between TFI and traits 
associated with body reserve mobilization (BWL, BFL and LDL) were consistently negative in 
both parities in both breeds.  
In both breeds, traits representing body reserves at the time of farrowing (BWF, BFF and 
LDF) had negative genetic correlations with tissue loss traits during lactation (BWL, BFL and 
LDL) (Table 2.7 and Table 2.8), indicating that sows with high genetic merit for initial body 
reserves lost less body reserves during lactation. Among the pre-farrow traits, LDF showed a 
different pattern of genetic correlations with output traits than BWF and BFF. In both breeds, 
genetic correlations of BWF and BFF with output traits were not significantly different from zero 
(P > 0.05), but genetic correlations between LDF and output traits were negative. The latter 
estimates were significant in Yorkshire, but not in Landrace. The negative genetic correlations of 
LDF with traits associated with body reserve mobilization and outputs indicate that sows with 
(genetically) high loin depth at the time of farrowing mobilized less energy from the body during 
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lactation and had lower litter weight gain. In both breeds, BWF had a positive genetic correlation 
with TFI, indicating that heavier sows at farrowing had a higher genetic merit for ad libitum feed 
intake during lactation, but the phenotypic correlation was low.  
Among the efficiency traits, genetic correlations of SLE with other traits were estimated 
only for Landrace sows as the models did not converge for Yorkshire sows. In Landrace sows, 
SLE showed significant negative genetic correlations with BFL and TFI (input traits) and non-
significant negative genetic correlations with output traits (Table 2.8). This shows that, SLE is 
negatively correlated (genetically) with both input and output traits, but the correlations were 
stronger with input traits than with output traits, i.e. genetic selection of sows for higher SLE will  
tend to reduce inputs rather than increase outputs.  
In Landrace sows, SLE was negatively correlated with all input traits (BFL, BWL, LDL 
and TFI), indicating that sows with genetically high SLE (efficient sows), tend to eat less and 
also minimize body resource mobilization (Table 2.8), i.e. they have lower input components. 
However, the efficiency trait RFI exhibited a slightly different trend. In both breeds, RFI showed 
a strong significant positive genetic correlation with TFI (0.95 in Yorkshire and 0.92 in 
Landrace), a significant negative genetic correlation with BWL (-0.62 in Yorkshire and -0.55 in 
Landrace), and a non-significant negative genetic correlation with BFL (-0.29 in Yorkshire and -
0.25 in Landrace). This shows that sows with genetically low RFI (efficient sows) ate less feed 
and mobilized more body reserves. We also observed a strong negative genetic correlation 
between RFI and SLE in Landrace sows (-0.70).  
EB1 and EB2 were two other efficiency traits used in this study to quantify the body 
energy loss of a sow during lactation. EB1 measures the actual body energy loss (or gain) during 
lactation based on the sow’s body condition at farrowing and weaning, whereas EB2 estimates 
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the body energy loss (or gain) based on the difference between energy intake (through feed) and 
energy expenditure (production and maintenance). Genetic correlations between EB1 and EB2 
were positive in both breeds (0.85 in Yorkshire and 0.73 in Landrace).  Genetic correlations of 
EB1 and EB2 with traits associated with body energy mobilization (BWL, BFL and LDL) were 
negative in both breeds, i.e. sows that were at a genetically higher net energy balance at the end 
of lactation, mobilized less body resources. The latter estimates ranged from -0.60 to -0.91 in 
Yorkshire sows and from -0.23 to -0.90 in Landrace sows. Similarly, both EB traits were 
positively correlated (genetic and phenotypic) with TFI; genetic correlations ranged from 0.58 to 
0.92 in both breeds. These results indicate that sows with high genetic merit for ad libitum feed 
intake showed (genetically) lower body resource mobilization. In both breeds, the genetic 
correlations between RFI and energy balance traits (EB1 and EB2) were significantly positive, 
ranging from 0.20 to 0.93 in each breed.  
Among the reproductive traits, there was a strong positive genotypic and phenotypic 
correlation between the number of stillborn piglets and total litter size at birth in both breeds 
(Table 2.7 and Table 2.8). As litter size increased (genetically), stillbirth also increased. The 
genetic correlation between LSB at birth and LSW was positive in both breeds but had large 
standard errors. As expected, output traits LWG and EOP were strongly correlated (genetically 
and phenotypically) with LSW in both breeds. Unfavorable negative genetic correlations were 
also observed between reproductive traits and body reserves at the time of farrowing (BWF, BFF 
and LDF) in both breeds. Among these, the unfavorable genetic correlation between the pre-
farrow traits and LSB was significant in Yorkshire pigs.  
We did not observe significant genetic correlations between efficiency traits and 
reproductive traits, other than a significant negative genetic correlation between EB2 and LSW 
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in Yorkshire sows (-0.61) (Table 2.7 and Table 2.8). This indicates that sows with genetically 
low EB2 (i.e. sows that mobilized more body resources) weaned larger litters. The genetic 
correlation between EB2 and LSW in Landrace sows was not significantly different from zero. 
Similarly, EB1 also had a negative genetic correlation with LSB and LSW in both breeds, but 
these estimates were not significantly different from zero due to high standard errors. Some 
estimates of genetic correlations between efficiency traits and reproductive traits had opposite 
signs in two breeds, but in these cases the correlations were not significantly different from zero.  
Estimates of genetic correlations of all traits measured in parity 1 with all traits measured 
in parity 2, for both breeds, are given in Supplementary Table 2.1 and Supplementary Table 2.2. 
To examine the impact of mobilization of body reserves during lactation in first parity on 
reproductive performance in second parity, the genetic correlations between the lactation traits in 
parity 1 and reproductive traits in parity 2 were estimated, and are detailed in Table 2.9. Results 
indicate that, a negative genetic correlation exists in both breeds between traits associated with 
body tissue mobilization in parity 1 (BWL and BFL) and litter size traits (LBP and LSB) in 
parity 2. In Landrace sows, TFI in parity 1 had a positive genetic correlation with reproductive 
traits in parity 2, but the estimate was negative in Yorkshire sows. Similarly, estimates of genetic 
correlations between efficiency traits (RFI and EB1) in parity 1 and reproductive traits in parity 2 
had opposite signs in the two breeds. The genetic correlations between EB2 in parity 1 and litter 
size traits (LSB and LBP) were positive in both breeds and hence were favorable. However, in 
most of these cases, these estimates were not significantly different from zero.  
Estimates of genetic correlations of indicator traits with ERTs are provided in Table 2.10 
and Table 2.11 for the two breeds. In both breeds, as the indicator traits were measured during 
first parity, they were more significantly correlated (genetically) with parity 1 ERTs than with 
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parity 2 ERTs. In both breeds, BWF and BWL measured in parity 1 had significant genetic 
correlations with parity 1 and 2 ERTs, such as TFI and RFI. Hence, BWF and BWL can be used 
as indicator traits for TFI and RFI. Similarly, BFL can be used as an indicator trait for LWG in 
both breeds. 
Overall, estimates of genetic correlations between traits measured in parity 1 and 2 
indicate that sows that mobilized more body resources in parity 1, had a genetic tendency to eat 
less and to wean heavier litters in both parities. Also in both breeds, sows that genetically lost 
more body resources in parity 1 produced smaller litters in parity 2.  
 
Table 2.9.  Estimates of genetic correlations between lactation traits in parity 1 and reproductive 
traits in parity 2; bold printed correlations differ from zero (p<0.05) 
Parity 1 
lactation 
traits 
Parity 2 reproduction traits 
Yorkshire 
 Parity 2 reproduction traits 
Landrace 
LBP LSB LSW  LBP LSB LSW 
BWL -0.28 (0.32) -0.25 (0.22) -0.04 (0.30)  -0.02 (0.50) -0.29 (0.40) 0.13 (0.35) 
BFL -0.84 (0.47) -0.53 (0.39) -0.33 (0.63)  -0.14 (0.34) -0.30 (0.38) 0.21 (0.54) 
TFI 0.05 (0.27) -0.01 (0.23) -0.25 (0.28)  0.31 (0.53) 0.42 (0.43) 0.24 (0.36) 
RFI -0.09 (0.30) -0.22 (0.26) -0.16 (0.32)  0.48 (0.60) 0.48 (0.46) 0.29 (0.38) 
EB1 0.55 (0.39) 0.30 (0.34) 0.06 (0.47)  -0.40 (0.56) -0.11 (0.46) -0.36 (0.41) 
EB2 0.34 (0.26) 0.35 (0.22) -0.13 (0.30)  0.29 (0.48) 0.29 (0.39) -0.11 (0.34) 
BWL = Body weight loss; BFL = Back fat loss; TFI = Total feed intake; RFI = Residual feed intake; EB1 = Energy 
balance 1; EB2 = Energy balance 2; LBP = Live born piglets; LSB = Litter size at birth; LSW = Litter size at 
weaning 
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Table 2.10. Estimates of genetic correlations between economically important traits and 
indicator traits in Yorkshire sows; bold printed correlations differ from zero (p<0.05) 
Indicator 
traits in 
parity 1 
Parity 1 economically important 
traits 
 
Parity 2 economically important traits 
TFI RFI LWG  TFI RFI LWG LSB 
BWF 0.49 (0.19) 0.56 (0.20) -0.04 (0.24)  0.55 (0.22) 0.48 (0.22) -0.08 (0.30) 0.06 (0.24) 
BFF -0.21 (0.19) -0.12 (0.21) -0.01 (0.22)  0.04 (0.23) 0.07 (0.23) 0.51 (0.24) 0.01 (0.22) 
LDF -0.16 (0.19) -0.14 (0.20) -0.67 (0.17)  0.04 (0.23) -0.05 (0.22) -0.01 (0.27) -0.11 (0.22) 
BWL -0.80 (0.11) -0.85 (0.09) 0.22 (0.21)  -0.42 (0.20) -0.15 (0.22) 0.39 (0.24) -0.25 (0.22) 
BFL -0.86 (0.53) -0.81 (0.52) 0.44 (0.36)  -0.90 (0.75) -0.35 (0.49) 0.74 (0.41) -0.53 (0.39) 
LDL -0.49 (0.25) -0.23 (0.30) 0.87 (0.32)  -0.19 (0.32) -0.16 (0.33) 0.76 (0.51) -0.76 (0.35) 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body 
weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; LWG = Litter weight gain; RFI = 
Residual feed intake; LSB = Litter size at birth;  
 
 
 
 
Table 2.11. Estimates of genetic correlations between economically important traits (ERTs) and 
indicator traits in Landrace sows; bold printed correlations differ from zero (p<0.05) 
Indicator 
traits in 
parity 1 
Parity 1 ERTs  Parity 2 ERTs 
TFI RFI LWG  TFI RFI LWG LSB 
BWF 0.43 (0.18) 0.41 (0.19) 0.56 (0.24)  0.46 (0.27) 0.14 (0.28) 0.20 (0.28) -0.46 (0.42) 
BFF -0.23 (0.16) -0.29 (0.16) 0.42 (0.23)  0.16 (0.25) -0.60 (0.22) -0.22 (0.24) -0.36 (0.32) 
LDF -0.01 (0.23) -0.24 (0.23) 0.07 (0.32)  ne ne -0.36 (0.30) 0.28 (0.48) 
BWL -0.74 (0.10) -0.75 (0.11) 0.38 (0.26)  -0.86 (0.24) -0.73 (0.28) 0.07 (0.27) -0.29 (0.40) 
BFL -0.66 (0.32) -0.28 (0.35) 0.88 (0.34)  ne ne 0.91 (0.48) -0.30 (0.71) 
LDL -0.04 (0.35) 0.33 (0.38) 0.47 (0.45)  -0.69 (0.52) -0.29 (0.50) 0.12 (0.49) ne 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = 
Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin 
depth loss; TFI = Total feed intake; LWG = Litter weight gain; RFI = Residual feed intake; LSB = Litter size at 
birth 
 
Discussion 
The aim of this study was to estimate the genetic parameters of traits associated with 
lactation and reproduction in two breeds of pigs. For this, data were collected on the first three 
parities of purebred Yorkshire and Landrace sows from a commercial nucleus breeding farm in 
Canada. Traits studied were grouped into five categories, namely pre-farrow traits, energy input 
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traits, energy output traits, efficiency traits and reproduction traits. Previous studies have 
reported that traits associated with reproduction in pigs should be analyzed by considering 
parities as having different genetic traits (Roehe and Kennedy, 1995; Hanenberg et al., 2001; Oh 
et al., 2006; Imboonta et al., 2007). In this study, heritabilities and genetic correlations were 
estimated separately for traits measured in parity 1 and 2, and also across all three parities using 
a repeatability model. In addition, genetic correlations were estimated between traits measured in 
parity 1 and 2.  
Sow characteristics 
Sow body weight measured before farrowing, along with body weight of piglets 
measured at birth, was used to estimate the body weight of sows at the time of farrowing. The 
average estimated body weight at the time of farrowing was 228 kg for Yorkshire and 223 kg for 
Landrace sows. These weights were higher than previously reported estimates; Bergsma et al. 
(2008) reported an average estimated body weight at farrowing of 218 and 206 kg for 
commercial crossbred pigs maintained at two experimental farms, and Young et al. (2014) 
reported 197 and 207 kg for purebred Yorkshire sows divergently selected for low versus high 
residual feed intake during finishing. Schenkel et al. (2010) reported an average body weight of 
206 kg for first parity Camborough® sows, when they were weighed within 24 hours after 
farrowing, which was also lower than the present study. In the current study, the unadjusted 
average body weight measured 3 to 5 days before farrowing (i.e. body weight of pregnant sows) 
was 257 and 251 kg for Yorkshire and Landrace sows respectively. Average back fat measured 
at the time of transfer to the farrowing house was also higher than that reported by Bergsma et al. 
(2008) and Schenkel et al. (2010), but slightly lower than that reported by Young et al. (2014).   
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Feed consumed during lactation is one of the most important energy sources for a 
lactating sow. Factors that positively affect appetite of lactating sows are increasing stage of 
lactation, litter size (or milk production), parity number, and feeding frequency (Noblet et al., 
1990). Lactation feed intake is low immediately post farrowing and attains a maximum by week 
2 or 3 of lactation (Koketsu et al., 1996). Previous studies have also shown that voluntary feed 
intake is less during the early stages of lactation (Dourmad, 1991; Farmer et al., 1996), likely due 
to gastrointestinal (GI) limitations, and the GI tract may need time to adapt to the new situation 
of high daily feed intake. In the current study, feed intake of sows was also lower during the 
early stages of lactation.  
Noblet et al. (1990) have shown that metabolizable energy requirements of a lactating 
sow are high, and usually not met by voluntary feed intake. Therefore, sows mobilize body 
reserves and lose weight during lactation. Average body weight loss during lactation in the 
current study was lower than that reported by Bergsma et al. (2008) and Schenkel et al. (2010). 
In order to avoid excessive weight loss, it is important to maximize feed intake of the sow during 
lactation. A higher feed intake during lactation may also improve future reproductive 
performance of the sow (Koketsu et al., 1997). Average feed intake results (Table 2.4) indicated 
that Yorkshire sows consumed more feed during lactation than Landrace sows. They were also 
heavier at farrowing and weaning than Landrace sows. Average feed intake per day during 
lactation was 5.0 and 4.8 kg for Yorkshire and Landrace sows respectively. Many previous 
studies have reported the average feed intake during lactation or total feed intake during 
lactation, with varying results, depending on breed and farm (Koketsu et al., 1996), feeding 
system, housing and temperature (Silva et al., 2006). Peng et al. (2007) reported an average daily 
feed intake of 5.4 kg for Yorkshire and Yorkshire X Landrace sows for around 20 days of 
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lactation. Kruse and Krieter (2011) reported a higher per day feed intake of 5.9 kg for Large 
white, and German Landrace sows and their crosses, and Bergsma et al. (2013) reported a total 
feed intake of 136 kg during lactation for commercial crossbred sows. Both these studied had a 
longer average lactation length (26 and 28 days) than in the current study (20.6 in Yorkshire and 
19.9 in landrace), and this might be the reason for this high feed intake. Also, the average parity 
of sows utilized for this analysis was 1.6 (for both breeds), whereas it was between 2 and 3 for 
the studies compared with. Average total feed intake during lactation in the current study was 
lower than the average values reported by Young et al. (2014) for Yorkshire sows divergently 
selected for residual feed intake during finishing (120.4 kg and 135.3 kg for low and high 
residual feed intake  lines for three weeks of lactation) but the average daily feed intake 
calculated in the current study was higher than that reported by Gilbert et al. (2012) (4.7 kg) 
from lines of Yorkshire sows divergently selected for residual feed intake during finishing. In 
general, results from the current study were on the lower end of the feed intake range reported 
previously, and this might be due to the large number of primiparous sows involved in this study. 
Lower parity sows are not fully grown and will have smaller body size and hence lower feed 
intake capacity. The first parity sows in the current study also had a lower feed intake during 
lactation (97.1 kg for Yorkshire and 86.5 for Landrace sows) than higher parity sows (107.2 kg 
and 99.2 kg for Yorkshire and Landrace sows in parity 2; 113.8 kg and 105.9 kg  for Yorkshire 
and Landrace sows in parity 3).   
Very few studies have dealt with the overall energy efficiency of a sow during lactation. 
Four traits were included in this category for the current study. The average sow lactation 
efficiency, a ratio trait derived from energy input and output, was slightly higher for Landrace 
sows than Yorkshire sows (Table 2.4). Although outputs (litter weight gain and energy output) 
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were comparable between the two breeds, energy inputs were greater for Yorkshire sows, which 
consumed more feed and lost more body weight than Landrace sows. Average estimates of sow 
lactation efficiency (67.2 and 73 % for Yorkshire and Landrace sows, respectively) were higher 
than those reported by Young et al. (2014) for divergently selected lines of Yorkshire sows (45.9 
and 41.0% low and high RFI lines respectively) but comparable with figures reported by 
Bergsma et al. (2008) (68%) for commercial Yorkshire and Landrace crossbred sows.  
Young et al. (2014) reported an average EB1 of -18.2 and -10.1 MJ ME/day for sows 
selected for low and high RFI, respectively. In the current study, the averages of the estimates of 
EB1 were -11.8 and -10.2 MJ ME/day for Yorkshire and Landrace sows, respectively (Table 
2.4). No literature on lactating sows was found to compare the values obtained for EB2. Traits 
EB1 and EB2 measure energy mobilization from the sow’s body in two different methods. 
Theoretically, EB1 and EB2 should give comparable values, but the averages for EB2 were 
slightly lower than averages for EB1. The difference in estimates might be because of the way 
these two traits are estimated. EB1 was calculated from the sow’s body condition measured at 
farrowing and weaning, whereas EB2 was estimated from total feed intake, energy required for 
maintenance of the sow’s body, and from the body weight of piglets. 
The averages for litter size at birth (15.0 for Yorkshires and 13.6 for Landrace) and live 
born piglets (13.0 for Yorkshire and 12.0 for Landrace) recorded for sows in the current study 
were in the upper range of the previously published results. Hanenberg et al. (2001) reported an 
average litter size at birth and live born piglets of 10.8 and 10.2 for Dutch Landrace sows, Holm 
et al. (2005) reported 11.4 for live born piglets for second parity Norwegian Landrace sows, and 
Su et al. (2007) reported a litter size at birth and live born piglets of 14.3 and 11.7 for Danish 
Landrace and 13.1 and 11.6 for Danish Yorkshire sows.  
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Heritabilities 
Trait heritabilities across all three parities were estimated using single trait repeatability 
models (Table 2.5 and Table 2.6). In both breeds, pre-farrow traits back fat and loin depth at 
farrowing showed moderate heritabilities (0.21 to 0.38), whereas traits associated with 
mobilization of back fat and loin depth (BFL and LDL) exhibited low heritabilities (0.10 to 
0.16). Estimates of heritability for back fat loss in the current study were comparable with the 
reported figures from Grandinson et al. (2005) and Gilbert et al. (2012). Our estimate of 
heritability for sow body weight at farrowing was near the lower end of the range of previously 
reported values, ranging from 0.16 (Gilbert et al., 2012) and 0.19 (Grandinson et al., 2005) to 
0.45 (Bergsma et al., 2008) and 0.66 (Young et al., 2014). Among the tissue mobilization traits, 
body weight loss showed higher heritability than back fat and loin depth loss during lactation. 
This pattern, i.e. body weight loss having higher heritability than back fat loss, was found to be 
similar in all previous studies, except that reported by Gilbert et al. (2012).  
Heritability estimates of sow feed intake during lactation were moderate for both breeds 
(0.28 for Yorkshire and 0.37 for Landrace) and comparable with estimates reported by Gilbert et 
al. (2012), Bergsma et al. (2009) and Young et al. (2014), but higher than the estimate reported 
by Hermesch (2007) (0.17).  The trait total energy input during lactation, as defined by Bergsma 
et al. (2008), estimates the overall energy input for milk production from sow body reserves and 
feed intake. In the current study, heritability estimates for energy input were low (0.01 in 
Yorkshire and 0.11 in Landrace). The estimate obtained for Landrace sows was comparable with 
previously reported values of Bergsma et al. (2009).  
Direct measurement of milk yield is not possible in pigs but litter weight gain (LWG) can 
be considered as an indicator trait (Revell et al., 1998; Bergsma et al., 2008). Energy output 
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during lactation (EOP) is a trait defined by Bergsma et al. (2008) that estimates the energy 
content of milk produced based on the body weight of piglets. Traits LWG and EOP reflect the 
output from the sow and are calculated based on piglet body weights measured at multiple time 
points (birth, foster and weaning), and had very similar heritability estimates in both breeds 
(Table 2.5 and Table 2.6). The estimate of heritability for litter weight gain was moderate (0.16 
for Yorkshire and 0.18 for Landrace), and was close to the upper range of the previously reported 
figures, ranging from 0.06 (Young et al., 2014) and 0.09 (Gilbert et al., 2012) to 0.18 (Bergsma 
et al., 2009). Total litter weight at weaning can be considered to be a related trait to litter weight 
gain. The only difference is that, total litter weight at weaning is influenced by birth weight of 
piglets. Damgard et al. (2003) and Canario et al. (2010) reported heritabilities of 0.19 and 0.18 
for mean piglet body weight at 3 weeks of age, which were close to our estimates of heritability 
for litter weight gain. 
Among the efficiency traits, the heritability estimate of lactation efficiency in Yorkshire 
sows was close to zero, and that of Landrace sows was 0.05. To our knowledge, only two studies 
have previously reported heritability estimates for SLE. For Landrace sows, our estimate was 
lower than the previously reported values of 0.12 (Bergsma et al., 2008) and 0.09 (Young et al., 
2014). Lactation efficiency is a ratio trait of energy input and energy output. Of these two traits, 
energy output had moderate heritability in both breeds, but energy input had almost zero 
heritability in Yorkshire sows. This low estimate of heritability of energy input might be the 
reason for the near zero heritability estimate for lactation efficiency in Yorkshire sows.  
Estimates of heritability by parity for traits associated with energy input were used to 
understand the reason for the low heritability estimates for EIP. Energy input is a complex trait 
and depends on feed intake, body weight loss and back fat loss for its calculation. Of the three 
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traits that go into the calculation of energy input, feed intake and body weight loss showed 
moderate heritability in both parities in both breeds, but back fat loss exhibited very low 
heritability estimates in parity 1 and 2 Yorkshire sows and in parity 1 Landrace sows 
(Supplementary Table 2.3 to Supplementary Table 2.6). The analyses were then extended to 
traits that were used to calculate back fat loss. BFL was calculated from back fat measured at 
farrowing and weaning. Of these two traits, back fat measured at farrowing showed moderate to 
high heritability in both breeds in both parities, whereas back fat measured at weaning showed 
near zero heritability in both parities in Yorkshire and in parity 1 Landrace sows. This near zero 
additive genetic variance observed for these traits (BFL, EIP and SLE) also led to difficulties in 
estimating the genetic correlations within and between these traits in both breeds. 
The heritability estimate obtained for RFI was 0.24 for Yorkshire sows and 0.25 for 
Landrace sows. These estimates were higher than the previously reported values of 0.14 (Gilbert 
et al., 2012) and 0.16 (Young et al., 2014). Heritability estimates of EB1 were low (0.13 for 
Yorkshire and 0.19 for Landrace), but were similar to that reported by Young et al. (2014) for an 
experimental population of Yorkshire sows. No literature about pigs was found to compare our 
estimate of heritability for EB2, but our estimates of 0.30 and 0.36 were higher than the range of 
values reported for the same trait in dairy cows (Spurlock et al., 2012). Of the four efficiency 
traits studied, RFI and EB2 exhibited higher heritabilities than SLE and EB1.  
Heritability estimates of reproductive traits were low in both breeds, and were 
comparable with previously published estimates by Bergsma et al. (2008), Gilbert et al. (2012), 
and Bidanel (2011). Traits like litter size and litter survival are complex traits resulting from the 
interaction of many factors, such as the genetics of the sow, boar and piglet, and hence can have 
low heritabilities (Bidanel, 2011).  
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For each trait, heritabilities were also estimated separately for parity 1 and 2 
measurements, using single trait animal models. In Yorkshire sows, for all traits except 
reproductive traits, estimates of heritability by parity were close to estimates obtained with 
repeatability models across all three parities (Table 2.5 and Table 2.6). In Landrace sows, parity 
1 estimates of heritability were different from those of parity 2, but there was no clear pattern 
among these differences. For BWF, BFF, LDF, TFI, RFI, LBP and LSB, parity 1 estimates were 
higher than parity 2 estimates, but for BFL, LDL, EIP, LWG and EOP, parity 2 estimates were 
higher. Among the reproductive traits, parity 2 heritability estimates of litter size at birth and live 
born piglets in Yorkshire sows were higher than parity 1 estimates, and also higher than 
estimates reported by Alfonso et al. (1997) and Oh et al. (2006) for parity 2 sows. Conversely, in 
Landrace sows, parity 1 estimates of LSB and LBP were higher than parity 2 estimates, and these 
estimates were higher than those reported by Alfonso et al. (1997), but comparable with 
estimates reported by Oh et al. (2006).  
Genetic correlations 
Pre-farrow, input and output traits. Sow performance during lactation is an extremely 
complex process, controlled by various external and internal factors. The physiological urge of a 
lactating sow to produce milk at the expense of other body functions is a key component of the 
metabolic state of the lactating sow, and is controlled by factors such as genetics, parity, stage of 
lactation and litter size (Pettigrew et al., 1993). Body weight and body composition at farrowing 
are important factors that regulate lactation performance in sows (Eissen et al., 2000). Results 
from this study show that a negative genetic correlation exists between body reserves at the 
beginning of lactation and body tissue mobilization during lactation (Table 2.7 and Table 2.8), 
i.e. sows that genetically have greater body reserves at farrowing mobilized fewer body reserves 
59 
 
during lactation. Bergsma et al. (2008) also observed a similar trend in a population of Yorkshire 
sows, but their estimates of genetic correlations were not significantly different from zero. 
Results from our study also indicate that genetically higher back fat and loin depth at farrowing 
were associated with lower feed intake during lactation. Eissen et al. (2000) reviewed different 
mechanisms that can explain the effect of body composition on lactation feed intake, and 
concluded that lactation feed intake depends on several factors, namely rate of turnover of body 
fat tissue, insulin and leptin levels in blood and cerebrospinal fluid, presence of insulin resistance 
and glucose intolerance, and the level of milk production. In our data, corrected body weight at 
the beginning of lactation showed a significant positive genetic correlation with total feed intake 
(0.50 for Yorkshire and 0.36 for Landrace, but a negligible correlation at the phenotypic level 
(0.07 for Yorkshire and 0.04 for Landrace). Bergsma et al. (2009) also reported a positive 
genetic correlation between body weight at farrowing and ad libitum feed intake during lactation.  
In general, body reserves at farrowing were not significantly correlated with output traits (LWG 
and EOP), but body reserve mobilization traits were significantly correlated with output traits 
(Table 2.7 and Table 2.8). Grandinson et al. (2005) reported that there was no genetic association 
between sow body weight at farrowing and the maternal effect of pre-weaning growth of piglets. 
Similarly, Bergsma et al. (2008) reported non-significant negative genetic correlations (-0.08 to -
0.13) between body resources (weight, body fat and protein mass) at farrowing and litter weight 
gain. In our study, all pre-farrow traits except loin depth at farrowing followed the same trend. 
LDF in Yorkshire sows showed significant negative genetic correlations with litter weight gain 
and energy output. These genetic correlations were also negative in Landrace sows but had high 
standard errors. A negative genetic correlation between these traits means that sows that have 
genetically high loin depth at farrowing weaned lighter litters. A negative genetic correlation of 
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loin depth measured at farrowing with tissue mobilization traits (BWL, BFL and LDL) supports 
this finding, i.e. sows with genetically high loin depth at farrowing mobilized fewer body 
reserves and weaned piglets with lower weights. Fat sows have fewer protein reserves to supply 
substrates for milk production, compared with lean sows of similar weight (Revell et al., 1998), 
which might be a reason for their lower milk production, and thereby low LWG.  
Genetic correlations between output traits (LWG and EOP) and body tissue mobilization 
traits (BWL, BFL and LDL) were significantly positive in both breeds (ranging from 0.24 to 0.57 
in Yorkshires and from 0.29 to 0.53 in Landrace (Table 2.7 and Table 2.8). Results from this 
study show that sows with a high genetic predisposition to use body reserves during lactation, 
also had the ability to wean heavier piglets at the end of lactation. This was in agreement with 
various other published results.  Bergsma et al. (2008) reported positive (non-significant) genetic 
correlations of body weight loss, fat mass loss and protein mass loss with LWG.  Grandinson et 
al. (2005) reported a significant positive genetic correlation of changes in sow body weight and 
back fat during lactation with maternal genetic effects of piglet survival and growth to weaning. 
Valros et al. (2003) reported that a greater sow body weight loss during the third week of 
lactation was strongly associated (genetically) with higher piglet growth rate.  
Genetic correlations between TFI and output traits in both breeds were slightly positive, 
ranging from 0.06 to 0.31 (Table 2.7 and Table 2.8), but were not significantly different from 
zero. These genetic correlations were lower than those observed between tissue mobilization 
traits and output traits. In other words, output traits (LWG and EOP) were more strongly 
correlated (genetically) with body tissue mobilization traits than with feed intake. At the same 
time, genetic correlations observed between feed intake and traits associated with body tissue 
loss were strongly negative (-0.35 to -0.70), indicating that sows that had the genetic ability to 
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eat more during lactation showed significantly smaller body tissue loss. A similar trend was 
observed by Bergsma et al. (2008) on ad libitum fed crossbred sows, by Eissen et al. (2003) in 
primiparous Landrace and crossbred sows, and by Koketsu et al. (1997) in ad libitum fed 
primiparous sows. This pattern of association, i.e. strong genetic correlations between feed intake 
and tissue mobilization traits and a weak genetic correlation between feed intake and litter 
weight gain, indicates how the dietary energy is partitioned in the sow’s body. Pluske et al. 
(1998), in a phenotypic study using overfed and ad libitum fed primiparous lactating sows, 
observed similar growth for piglets in both groups. They concluded that the extra energy 
received by the ad libitum fed sows might have been partitioned more towards the sow’s body 
maintenance than to milk production.  Genetic correlations by parity with feed intake, detailed in 
Supplementary Table 2.3 to Supplementary Table 2.6, support this conclusion. In both parities, 
genetic correlations between feed intake and traits associated with tissue mobilization were 
strongly negative. Eissen et al. (2003) and Koketesu et al.  (1997) reported similar results for 
primiparous sows. However, the patterns of genetic correlations between feed intake and output 
traits were slightly different in the two parities in our study. In parity 1, genetic correlations 
between feed intake and output traits (LWG and EOP) were very low and ranged from -0.31 to 
0.13, but in parity 2, estimates were higher and positive and ranged from 0.29 to 0.34. This 
change of genetic correlations between parities suggests that, in parity 1, when sows are still in a 
growing phase, more of the energy from feed is prioritized towards body growth or maintenance 
than to milk production, whereas in parity 2, more dietary energy is partitioned towards milk 
production. In parity 2, sows have almost reached mature body size and, hence, energy 
requirements for growth may be lower, which may be the reason for more dietary energy is 
partitioned towards milk production. Genetic correlations estimated between feed intake in parity 
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1 and output traits (LWG and EOP) in parity 2 (Supplementary Table 2.1 and Supplementary 
Table 2.2) were not significantly different from zero. At the same time, TFI in parity 1 was 
strongly correlated (genetically) with tissue mobilization traits in both parity 1 (Supplementary 
Table 2.3 and Supplementary Table 2.4) and 2 (Supplementary Table 2.1 and Supplementary 
Table 2.2). All these findings suggest that the feed consumed by the sow during lactation is 
predominantly used for reducing sow body tissue losses, rather than for milk production (litter 
weight gain).   
Lactation efficiency traits. In this study, four efficiency traits were considered, namely 
SLE, EB1, EB2 and RFI. Traits EB1 and EB2 measure energy mobilized from the sow’s body, 
and are defined such that a negative value indicates a negative energy balance for sows at the end 
of lactation, and a positive value means sows gained body resources during lactation. A higher 
value for lactation efficiency means sows convert input (body resources and feed intake) to 
output (LWG or EOP) more efficiently. Residual feed intake is an efficiency trait, defined as the 
difference between observed feed intake and that predicted from the requirements for growth and 
production.  A positive value for RFI means that the sow ate more feed than expected while 
negative values indicate that the sow ate less than expected.  
Genetic correlations of traits with lactation efficiency were estimated only for Landrace 
sows as the models did not converge for Yorkshire sows. In Landrace sows, lactation efficiency 
was more strongly correlated (genetically) with input traits than with output traits (Table 2.7 and 
Table 2.8). Bergsma et al. (2009) reported a similar trend in crossbred sows. They reported a 
significant negative genetic correlation of lactation efficiency with input traits and positive (but 
not significantly different from zero) genetic correlations with output traits. These results suggest 
that selection for higher SLE will tend to genetically decrease both input and output traits but 
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that the impact might be higher on input traits. Also, lactation efficiency had a non-significant 
negative genetic correlation with reproductive traits in Landrace sows; i.e. sows with 
(genetically) high lactation efficiency had less live born piglets and lower litter sizes at birth and 
weaning.  
Genetic correlations among efficiency traits showed that EB1 and EB2 were positively 
correlated in both breeds (0.85 in Yorkshire and 0.73 in Landrace, Table 2.7 and Table 2.8). EB1 
and EB2 were also positively correlated (genetically) with feed intake (0.92 and 0.85 in 
Yorkshire and 0.58 and 0.90 in Landrace) and negatively correlated (genetically) with output 
traits (-0.33 to -0.56 in each breed). The strong positive genetic correlations of EB1 and EB2 
with feed intake and negative genetic correlations with output traits show that sows which 
genetically ate more feed had higher values for EB1 and EB2, i.e. such sows mobilized less body 
resources during lactation, and produced lighter litters. This result corroborates our assumption 
that the dietary energy is mostly used to minimize the body tissue loss of the sow during 
lactation.  
Reproductive traits. Our results indicate a positive genetic correlation between litter size 
at birth and weaning (Table 2.7 and Table 2.8). Chen et al. (2003) reported a positive genetic 
correlation between the number born alive and the number weaned for U.S. Yorkshire, Landrace, 
Hampshire and Duroc sows. In both breeds, we observed a significant positive genetic 
correlation between stillborn piglets and litter size at birth. A similar trend was observed by 
Canario et al. (2006) and by Imboonta et al. (2007) for Large White and Landrace sows, 
respectively.  
In both breeds, body composition at the time of farrowing had a favorable genetic and 
phenotypic correlation with stillborn piglets (Table 2.7 and Table 2.8), i.e. sows with genetically 
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high body reserves at farrowing (indicated by BWF, BFF and LDF) had fewer stillborn piglets. 
At the same time, body reserves at farrowing had no favorable genotypic or phenotypic 
correlations with live born piglets, but a negative genetic correlation (significant in Yorkshire) 
with litter size at birth, i.e. sows with genetically higher body reserves at farrowing had lower 
total born piglets. This suggests that the favorable genetic correlation observed with SBP might 
also be due to an overall reduction in litter size for sows with high body reserves at farrowing.  
Bergsma et al. (2009) reported that genetically high fat mass or protein mass or body weight at 
the beginning of lactation was associated with reduced litter size at birth. Unlike the report by 
Bergsma et al. (2009), in this study we did not find significant genetic correlations between 
tissue mobilization traits and reproductive traits.  
Estimates of the genetic correlation between the same trait measured in parity 1 and 2 
sows are in Table 2.5 and Table 2.6. Studies by Roehe and Kennedy (1995), Hanenberg et al. 
(2001), and Oh et al. (2006) have shown that the genetic correlation between parity 1 and 2 
measurements for reproductive traits were not high enough to suggest that they were genetically 
the same traits. Our results for reproductive traits from this study were in agreement with these 
previous reports, suggesting that there might be some genetic differences between these parities.  
Impact on future reproductive performance 
Genetic correlations between parity 1 lactation traits and parity 2 reproductive traits were 
estimated to evaluate the influence of lactation performance in parity 1 on reproductive 
performance in parity 2 (Table 2.9). In both breeds, there were negative genetic correlations of 
traits associated with body resource mobilization (BWL and BFL) in parity 1 with reproductive 
traits (LBP and LSB) in parity 2, i.e.  sows with genetically high body weight loss and back fat 
loss in parity 1 were found to have genetically low litter size at birth and live born piglets in 
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parity 2. Similar trends were reported by Schenkel et al. (2010), Eissen et al.  (2003) and Vinsky 
et al. (2006). The reduction of litter size in parity 2 may be due to fewer medium-sized follicles 
or follicles with less follicular fluid at weaning (Clowes et al., 2003). Poor embryonic survival 
might also be a reason for this reduction of litter size in parity 2 (Willis et al., 2003).   
Estimates of the genetic correlations between feed intake in parity 1 and reproductive 
traits in parity 2 were positive in Landrace sows (Table 2.9), but in Yorkshire sows, some of 
these genetic correlations had an opposite sign. However, the genetic correlations were not 
significantly different from zero in either breed. In a study using three breeds of pigs, Eissen et 
al. (2003) also reported that the size of the second litter was not influenced by feed intake of the 
sow during first lactation.  
Indicator traits for economically relevant traits 
For a commercial producer, lactation traits that directly influence the cost of production 
or income from production are considered as ERTs. Some of these ERTs might be difficult to 
measure due to financial constraints while others can only be measured later in life. In such 
situations, traits that are genetically correlated with ERTs can be used as indicator traits to 
predict ERTs. Results from our study show that body weight measured at farrowing and body 
weight loss measured in parity 1 can be used as indicator traits for feed intake and RFI measured 
in parity 1 and 2. These indicator traits have moderately high heritability (0.26 to 0.41) (Table 
2.5 and Table 2.6) and are easy to measure, as BWF and BWL depend only on sow body weight 
measured at farrowing and weaning and on piglet weights measured at birth. Weighing sows is 
an easy procedure and weighing piglets at birth is a standard procedure followed in all nucleus 
herds and hence no additional cost is incurred for measuring these traits. However, before 
proceeding, these results must be validated on larger data sets.  
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Back fat loss in parity 1 was also found to be significantly correlated with litter weight 
gain in both parity 1 and 2, but, as the heritability of back fat loss in parity 1 was very low (0.03 
and 0.07), it was not considered as an indicator trait. 
 
Conclusions 
The current study produced a set of breed specific genetic parameters in Yorkshire and 
Landrace sows for lactation traits, estimated across parities, by parity, and between parities. 
These estimates can be used as a starting point for developing breeding programs that include 
lactation traits. Results from this study show that, in general, Yorkshire sows were heavier at 
farrowing, produced more piglets, weaned larger and heavier litters, consumed more feed and 
mobilized more body resources during lactation than Landrace sows. The heritabilities estimated 
were low to moderate for most of the lactation traits included in this study. The genetic 
correlations estimated across parities show that dietary energy in lactating sows is mostly used to 
minimize body tissue loss of sows (i.e. used for growth and maintenance) during lactation, rather 
than for milk production. Genetic correlations estimated by parity, between TFI and body tissue 
mobilization traits show that, as the sows moves to the second parity (as they mature), the energy 
requirement for body growth decreases, and more dietary energy is partitioned towards milk 
production. The genetic correlation with efficiency traits indicates that selection for SLE will 
result in sows that tend to eat less, minimize body resource mobilization, and wean lighter 
piglets, whereas sows selected on RFI (lower RFI) tend to decrease feed intake, increase body 
reserve mobilization and wean heavier piglets. Unfavorable negative genetic correlations were 
observed between reproductive traits and body reserves at the time of farrowing. Both breeds 
showed negative genetic correlations between parity 1 tissue mobilization traits and parity 2 
67 
 
reproductive traits, but these were not significant. This study also identified some traits (BWF 
and BWL) that can be used as indicator traits to predict some ERTs like feed intake and RFI. 
Larger studies involving lactation traits, reproductive traits and growth traits, along with 
modeling of breeding programs are required to extensively evaluate the effect of incorporating 
lactation traits in existing breeding programs. Further, for many lactation traits, the heritability 
estimates were low and as described above, there are economical and practical challenges 
associated with their measurement. Utilization of the genomic tools can be an option to 
overcome these problems.  
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Supplementary Materials 
 
Supplementary Table 2.1.Genetic correlations between traits measured in parity 1 and traits measured in parity 2 in Yorkshire sows 
 
 Traits measured in parity 2 
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 1
 
BWF 0.74 
(0.13) 
0.20 
(0.25) 
0.27 
(0.23) 
-0.72 
(0.18) 
0.13 
(0.28) 
0.55 
(0.22) 
-0.08 
(0.30) 
-0.03 
(0.28) 
0.95 
(0.52) 
0.81 
(0.26) 
0.66 
(0.23) 
-0.08 
(0.29) 
0.17 
(0.35) 
0.06 
(0.24) 
-0.14 
(0.33) 
BFF 0.20 
(0.21) 
0.98 
(0.11) 
0.13 
(0.21) 
0.15 
(0.23) 
0.06 
(0.26) 
0.04 
(0.23) 
0.51 
(0.24) 
0.55 
(0.22) 
0.16 
(0.36) 
-0.24 
(0.26) 
0.07 
(0.23) 
-0.16 
(0.27) 
0.17 
(0.32) 
0.01 
(0.22) 
0.09 
(0.29) 
LDF 0.51 
(0.19) 
0.36 
(0.23) 
0.65 
(0.16) 
-0.09 
(0.23) 
-0.62 
(0.23) 
0.04 
(0.23) 
-0.01 
(0.27) 
0.06 
(0.26) 
0.31 
(0.40) 
-0.03 
(0.05) 
-0.05 
(0.22) 
-0.06 
(0.27) 
-0.37 
(0.31) 
-0.11 
(0.22) 
0.46 
(0.25) 
BWL -0.28 
(0.20) 
-0.22 
(0.22) 
0.07 
(0.21) 
0.91 
(0.10) 
0.49 
(0.25) 
-0.42 
(0.20) 
0.39 
(0.24) 
0.48 
(0.22) 
ne 
-0.68 
(0.21) 
-0.15 
(0.22) 
-0.28 
(0.32) 
-0.05 
(0.31) 
-0.25 
(0.22) 
-0.04 
(0.30) 
BFL -0.04 
(0.40) 
ne 
-0.55 
(0.44) 
0.70 
(0.59) 
0.69 
(0.63) 
-0.90 
(0.75) 
0.74 
(0.41) 
0.86 
(0.36) 
-0.13 
(0.74) 
-0.18 
(0.54) 
-0.71 
(0.59) 
-0.84 
(0.47) 
0.42 
(0.62) 
-0.53 
(0.39) 
-0.33 
(0.63) 
LDL -0.03 
(0.32) 
-0.18 
(0.32) 
-0.69 
(0.25) 
0.68 
(0.31) 
0.90 
(0.30) 
-0.19 
(0.32) 
0.76 
(0.51) 
0.67 
(0.48) 
-0.65 
(0.54) 
-0.88 
(0.36) 
-0.16 
(0.33) 
-0.84 
(0.41) 
-0.11 
(0.47) 
-0.76 
(0.35) 
-0.35 
(0.44) 
TFI 0.24 
(0.22) 
0.00 
(0.25) 
-0.17 
(0.21) 
-0.82 
(0.19) 
-0.10 
(0.27) 
0.86 
(0.16) 
0.18 
(0.27) 
0.13 
(0.26) 
ne 
0.59 
(0.30) 
0.86 
(0.15) 
0.05 
(0.27) 
-0.65 
(0.34) 
-0.01 
(0.23) 
-0.25 
(0.28) 
LWG -0.01 
(0.25) 
-0.06 
(0.28) 
-0.49 
(0.22) 
0.29 
(0.25) 
0.51 
(0.27) 
0.49 
(0.25) 
0.85 
(017) 
0.72 
(0.33) 
-0.33 
(0.39) 
-0.42 
(0.29) 
0.37 
(0.29) 
-0.50 
(0.38) 
ne 
-0.89 
(0.32) 
0.04 
(0.35) 
EOP -0.10 
(0.26) 
-0.14 
(0.28) 
-0.58 
(0.21) 
0.35 
(0.26) 
0.70 
(0.28) 
0.29 
(0.26) 
0.76 
(0.36) 
0.83 
(0.18) 
-0.49 
(0.42) 
-0.63 
(0.29) 
0.16 
(0.30) 
-0.15 
(0.34) 
ne 
-0.50 
(0.30) 
-0.15 
(0.37) 
EB1 0.39 
(0.32) 
0.72 
(0.22) 
0.41 
(0.32) 
ne ne 
0.82 
(0.40) 
-0.72 
(0.29) 
-0.62 
(0.33) 
ne  
0.59 
(0.43) 
0.55 
(0.39) 
-0.48 
(0.48 
0.30 
(0.34) 
0.06 
(0.47) 
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Supplementary Table 2.1 continued 
EB2 0.28 
(0.21) 
0.10 
(0.24) 
-0.09 
(0.22) 
ne 
-0.47 
(0.27) 
0.68 
(0.18) 
-0.55 
(0.23) 
-0.59 
(0.21) 
ne 
0.92 
(0.16) 
0.47 
(0.20) 
0.34 
(0.26) 
-0.11 
(0.33) 
0.35 
(0.22) 
-0.13 
(0.30) 
RFI 0.45 
(0.26) 
-0.11 
(0.27) 
-0.13 
(0.23) 
-0.57 
(0.26) 
0.17 
(0.28) 
ne 
0.59 
(0.28) 
0.57 
(0.26) 
0.88 
(0.94) 
0.55 
(0.35) 
0.87 
(0.16) 
-0.09 
(0.30) 
-0.79 
(0.35) 
-0.22 
(0.26) 
-0.16 
(0.32) 
LBP 0.49 
(0.44) 
-0.24 
(0.48) 
ne 
-0.03 
(0.42) 
0.39 
(0.53) 
-0.25 
(0.43) 
0.41 
(0.49) 
0.35 
(0.38) 
0.27 
(0.73) 
-0.45 
(0.54) 
-0.19 
(0.42) 
0.70 
(0.45) 
-0.35 
(0.56) 
0.41 
(0.41) 
0.38 
(0.57) 
SBP -0.43 
(0.26) 
-0.08 
(0.31) 
0.17 
(0.27) 
0.29 
(0.29) 
-0.09 
(0.34) 
-0.02 
(0.29) 
0.01 
(0.34) 
0.15 
(0.36) 
0.05 
(0.52) 
-0.26 
(0.35) 
0.02 
(0.29) 
-0.37 
(0.35) 
0.80 
(0.32) 
0.17 
(0.28) 
-0.26 
(0.39) 
LSB 
ne ne ne 
0.02 
(0.52) 
0.46 
(0.71) 
-0.62 
(0.83) 
0.09 
(0.61) 
-0.20 
(0.63) 
0.63 
(0.92) 
-0.90 
(0.95) 
-0.58 
(0.76) 
ne 
0.59 
(0.55) 
0.86 
(0.56) 
-0.01 
(0.68) 
Bivariate analysis involving traits EIP, SLE and LSW in parity 1 and BFL, EIP and SLE in parity 2 failed to attain convergence in Yorkshire sows as the additive 
genetic variance associated with these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Supplementary Table 2.2. Genetic correlations between traits measured in parity 1 and traits measured in parity 2 in Landrace sows 
  
Traits measured in parity 2 
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BWF 0.81 
(0.15) 
ne 
0.00 
(0.28) 
-0.23 
(0.20) 
-0.53 
(0.27) 
-0.31 
(0.28) 
0.46 
(0.27) 
-0.22 
(0.26) 
0.20 
(0.28) 
0.28 
(0.31) 
0.33 
(0.30) 
0.51 
(0.23) 
0.23 
(0.25) 
0.14 
(0.28) 
-0.13 
(0.53) 
-0.55 
(0.42) 
-0.46 
(0.42) 
-0.34 
(0.39) 
BFF 0.33 
(0.33) 
0.77 
(0.28) 
0.17 
(0.24) 
-0.15 
(0.18) 
-0.87 
(0.16) 
-0.43 
(0.25) 
0.16 
(0.25) 
-0.73 
(0.16) 
-0.22 
(0.24) 
-0.10 
(0.25) 
0.76 
(0.18) 
0.73 
(0.16) 
-0.02 
(0.23) 
-0.57 
(0.25) 
0.02 
(0.47) 
-0.62 
(0.28) 
-0.36 
(0.32) 
-0.02 
(0.32) 
LDF 0.13 
(0.38) 
0.51 
(0.31) 
ne 
0.27 
(0.24) 
 
-0.54 
(0.30) 
ne 
-0.08 
(0.29) 
-0.36 
(0.30) 
-0.37 
(0.31) 
-0.15 
(0.33) 
-0.16 
(0.27) 
-0.51 
(0.29) 
ne 
0.64 
(0.76) 
-0.53 
(0.62) 
0.28 
(0.48) 
-0.06 
(0.41) 
BWL -0.43 
(0.29) 
0.04 
(0.27) 
0.30 
(0.27) 
0.84 
(0.11) 
0.12 
(0.24) 
0.51 
(0.23) 
-0.86 
(0.24) 
-0.08 
(0.29) 
0.07 
(0.27) 
0.19 
(0.30) 
0.37 
(0.26) 
-0.41 
(0.20) 
-0.08 
(0.26) 
-0.73 
(0.28) 
-0.02 
(0.50) 
-0.52 
(0.38) 
-0.29 
(0.40) 
0.13 
(0.35) 
BFL -0.21 
(0.53) 
ne 
0.14 
(0.45) 
ne 
0.88 
(0.49) 
ne ne 
0.39 
(0.43) 
0.91 
(0.48) 
0.84 
(0.53) 
-0.21 
(0.46) 
ne 
-0.18 
(0.46) 
ne 
-0.14 
(0.84) 
-0.47 
(0.79) 
-0.30 
(0.71) 
0.21 
(0.54) 
LDL -0.27 
(0.58) 
-0.17 
(0.51) 
-0.37 
(0.50) 
0.43 
(0.35) 
0.74 
(0.54) 
ne 
-0.69 
(0.52) 
0.45 
(0.50) 
0.12 
(0.49) 
0.54 
(0.55) 
-0.22 
(0.51) 
-0.65 
(0.47) 
-0.70 
(0.46) 
-0.29 
(0.50) 
ne ne ne ne 
TFI 0.61 
(0.33) 
0.00 
(0.29) 
-0.53 
(0.28) 
-0.52 
(0.19) 
-0.56 
(0.25) 
0.03 
(0.30) 
0.93 
(0.21) 
0.12 
(0.26) 
0.20 
(0.26) 
0.18 
(0.28) 
-0.20 
(0.28) 
0.58 
(0.22) 
0.46 
(0.29) 
ne 
0.31 
(0.53) 
0.68 
(0.66) 
0.42 
(0.44) 
0.24 
(0.36) 
LWG 0.06 
(0.47) 
0.09 
(0.41) 
-0.36 
(0.39) 
0.50 
(0.28) 
0.29 
(0.33) 
ne 
-0.25 
(0.45) 
0.41 
(0.30) 
0.80 
(0.23) 
0.83 
(0.21) 
-0.11 
(0.38) 
-0.45 
(0.28) 
-0.10 
(0.37) 
0.20 
(0.40) 
0.11 
(0.40) 
ne 
0.32 
(0.40) 
ne 
EOP -0.05 
(0.52) 
0.11 
(0.45) 
-0.22 
(0.42) 
0.44 
(0.30) 
0.22 
(0.36) 
0.78 
(0.43) 
-0.29 
(0.45) 
0.38 
(0.33) 
0.84 
(0.24) 
0.85 
(0.22) 
-0.14 
(0.40) 
-0.38 
(0.30) 
-0.15 
(0.39) 
0.07 
(0.45) 
0.27 
(0.45) 
ne 
0.57 
(0.45) 
ne 
EB1 0.41 
(0.38) 
0.58 
(0.25) 
0.24 
(0.32) 
ne 
-0.39 
(0.29) 
-0.78 
(0.29) 
ne 
0.00 
(0.28) 
-0.34 
(0.35) 
-0.25 
(0.37) 
-0.25 
(0.31) 
0.65 
(0.25) 
ne ne 
-0.40 
(0.56) 
-0.41 
(0.68) 
-0.11 
(0.46) 
-0.36 
(0.41) 
EB2 0.46 
(0.31) 
0.08 
(0.27) 
0.29 
(0.26) 
-0.51 
(0.16) 
-0.50 
(0.22) 
-0.32 
(0.27) 
ne 
0.03 
(0.24) 
-0.39 
(0.28) 
-0.53 
(0.32) 
-0.25 
(0.27) 
0.58 
(0.18) 
ne ne 
0.29 
(0.48) 
0.20 
(0.43) 
0.29 
(0.39) 
-0.11 
(0.34) 
RFI 0.54 
(0.32) 
-0.11 
(0.29) 
-0.68 
(0.28) 
0.00 
(0.22) 
-0.44 
(0.27) 
0.43 
(0.26) 
ne 
0.22 
(0.26) 
0.32 
(0.26) 
0.28 
(0.28) 
-0.16 
(0.29) 
0.31 
(0.25) 
0.77 
(0.22) 
0.93 
(0.16) 
0.48 
(0.60) 
0.63 
(0.56) 
0.48 
(0.46) 
0.29 
(0.38) 
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Supplementary Table 2.2 continued 
LBP -0.60 
(0.39) 
-0.37 
(0.34) 
-0.02 
(0.29) 
-0.21 
(0.22) 
0.12 
(0.27) 
0.41 
(0.29) 
-0.14 
(0.30) 
0.04 
(0.27) 
0.14 
(0.28) 
0.12 
(0.31) 
-0.04 
(0.29) 
0.00 
(0.25) 
0.01 
(0.27) 
-0.19 
(0.30) 
0.64 
(0.48) 
0.13 
(0.46) 
0.33 
(0.39) 
-0.13 
(0.37) 
SBP -0.42 
(0.26) 
-0.08 
(0.31) 
0.17 
(0.27) 
0.29 
(0.29) 
ne 
-0.09 
(0.33) 
-0.02 
(0.29) 
-0.48 
(0.86) 
0.01 
(0.34) 
0.15 
(0.32) 
-0.30 
(0.65) 
0.05 
(0.52) 
0.09 
(0.39) 
0.02 
(0.29) 
-0.37 
(0.35) 
0.88 
(0.32) 
0.17 
(0.28) 
-0.26 
(0.40) 
LSB  -0.63 
(0.39) 
 -0.26 
(0.29) 
 -0.32 
(0.27) 
 -0.13 
(0.20) 
0.22 
(0.25) 
0.38 
(0.27) 
 -0.04 
(0.27) 
0.12 
(0.25) 
0.29 
(0.27) 
0.20 
(0.29) 
 -0.03 
(0.28) 
 -0.09 
(0.24) 
-0.02 
(0.25) 
 -0.01 
(0.28) 
0.48 
(0.46) 
0.64 
(0.55) 
0.65 
(0.35) 
 -0.12 
(0.36) 
Bivariate analysis involving traits EIP, SLE and LSW in parity 1 failed to attain convergence in Landrace sows as the additive genetic variance associated with 
these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Supplementary Table 2.3. Genetic correlations (above diagonal) and phenotypic correlations (below diagonal) between traits 
measured in parity 1 for Yorkshire sows (SE in parenthesis); bold printed correlations differ from zero (p<0.05) 
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E
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E
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E
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B
P
 
L
S
B
 
BWF 
 
0.44 
(0.16) 
0.29 
(0.18) 
-0.27 
(0.21) 
-0.83 
(0.18) 
-0.43 
(0.23) 
0.49 
(0.19) 
 -0.04 
(0.24) 
 -0.13 
(0.26) 
0.86 
(0.14) 
0.58 
(0.17) 
0.56 
(0.20) 
 -0.77 
(0.31) 
-0.44 
(0.23) 
-0.09 
(0.57) 
BFF 0.36 
(0.03) 
 
0.18 
(0.18) 
 0.00 
(0.19) 
-0.74 
(0.24) 
ne 
 -0.21 
(0.19) 
 -0.01 
(0.22) 
 -0.04 
(0.23) 
0.25 
(0.27) 
-0.12 
(0.19) 
 -0.12 
(0.21) 
-0.94 
(0.39) 
 -0.03 
(0.23) 
-0.09 
(0.42) 
LDF 0.28 
(0.03) 
0.15 
(0.04) 
 
-0.34 
(0.17) 
 -0.07 
(0.37) 
-0.89 
(0.11) 
 -0.16 
(0.19) 
-0.67 
(0.17) 
-0.71 
(0.18) 
0.54 
(0.23) 
0.35 
(0.19) 
 -0.14 
(0.20) 
-0.82 
(0.31) 
 -0.15 
(0.23) 
ne 
BWL 0.17 
(0.05) 
 -0.05 
(0.05) 
-0.13 
(0.04) 
 
0.48 
(0.34) 
0.70 
(0.20) 
 -0.80 
(0.11) 
0.22 
(0.21) 
0.21 
(0.21) 
ne 
-0.86 
(0.09) 
-0.85 
(0.09) 
 -0.19 
(0.34) 
0.22 
(0.22) 
 -0.10 
(0.43) 
BFL -0.47 
(0.03) 
-0.17 
(0.05) 
-0.11 
(0.04) 
0.29 
(0.03) 
 
0.50 
(0.41) 
 -0.86 
(0.53) 
0.44 
(0.36) 
0.50 
(0.39) 
-0.87 
(0.09) 
-0.87 
(0.45) 
 -0.81 
(0.52) 
 -0.09 
(0.71) 
0.85 
(0.42) 
0.60 
(0.67) 
LDL -0.21 
(0.05) 
-0.12 
(0.05) 
-0.23 
(0.05) 
0.30 
(0.03) 
0.27 
(0.03) 
 
-0.49 
(0.25) 
0.87 
(0.32) 
0.95 
(0.33) 
-0.74 
(0.29) 
-0.70 
(0.21) 
 -0.23 
(0.30) 
0.17 
(0.49) 
 -0.01 
(0.33) 
0.09 
(0.60) 
TFI 0.10 
(0.04) 
 -0.06 
(0.05) 
 -0.02 
(0.04) 
-0.47 
(0.03) 
-0.19 
(0.03) 
-0.22 
(0.03) 
 
0.13 
(0.22) 
0.08 
(0.23) 
ne 
 0.87 
(0.03) 
0.95 
(0.02) 
0.18 
(0.37) 
 -0.06 
(0.24) 
 0.00 
(0.45) 
LWG 0.07 
(0.04) 
 -0.02 
(0.05) 
 -0.05 
(0.04) 
0.13 
(0.04) 
0.18 
(0.03) 
0.09 
(0.03) 
0.30 
(0.03) 
 
0.97 
(0.02) 
 -0.32 
(0.31) 
-0.47 
(0.18) 
0.02 
(0.25) 
0.46 
(0.37) 
0.26 
(0.26) 
0.48 
(0.45) 
EOP 0.08 
(0.04) 
 -0.07 
(0.05) 
 -0.06 
(0.04) 
0.12 
(0.04) 
0.14 
(0.03) 
0.09 
(0.03) 
0.25 
(0.03) 
0.93 
(0.01) 
 
 -0.42 
(0.30) 
-0.49 
(0.17) 
-0.30 
(0.25) 
0.41 
(0.39) 
0.29 
(0.27) 
0.47 
(0.48) 
EB1 0.43 
(0.04) 
0.06 
(0.05) 
0.17 
(0.04) 
-0.45 
(0.03) 
-0.94 
(0.01) 
-0.30 
(0.03) 
0.27 
(0.03) 
-0.21 
(0.03) 
-0.21 
(0.03) 
 ne ne 
0.16 
(0.59) 
-0.57 
(0.31) 
 -0.23 
(0.61) 
EB2 0.19 
(0.04) 
-0.05 
(0.05) 
0.03 
(0.04) 
-0.48 
(0.03) 
-0.27 
(0.03) 
-0.24 
(0.03) 
0.74 
(0.01) 
 -0.40 
(0.03) 
-0.45 
(0.03) 
0.38 
(0.03) 
 ne 
-0.04 
(0.36) 
 -0.27 
(0.31) 
 -0.34 
(0.44) 
RFI 0.14 
(0.03) 
 -0.04 
(0.04) 
 -0.03 
(0.03) 
0.56 
(0.03) 
0.04 
(0.04) 
-0.11 
(0.03) 
0.94 
(0.01) 
0.41 
(0.03) 
0.33 
(0.03) 
 -0.11 
(0.04) 
0.73 
(0.01) 
 
 -0.26 
(0.40) 
 -0.13 
(0.27) 
 -0.69 
(0.63) 
LBP -0.16 
(0.03) 
-0.10 
(0.03) 
-0.19 
(0.03) 
-0.20 
(0.04) 
0.10 
(0.04) 
0.01 
(0.04) 
0.04 
(0.04) 
0.05 
(0.04) 
0.00 
(0.04) 
-0.08 
(0.04) 
0.06 
(0.04) 
-0.07 
(0.03) 
 
 -0.79 
(0.47) 
0.50 
(0.54) 
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Supplementary Table 2.3 continued 
SBP  -0.07 
(0.03) 
 -0.05 
(0.04) 
-0.15 
(0.03) 
0.01 
(0.04) 
0.12 
(0.03) 
0.06 
(0.04) 
-0.09 
(0.04) 
 -0.02 
(0.04) 
 -0.03 
(0.04) 
-0.11 
(0.04) 
0.08 
(0.04) 
 -0.08 
(0.03) 
-0.18 
(0.03) 
 
0.28 
(0.49) 
LSB -0.15 
(0.03) 
-0.09 
(0.03) 
-0.23 
(0.03) 
-0.13 
(0.04) 
0.15 
(0.04) 
0.05 
(0.04) 
 -0.02 
(0.04) 
0.02 
(0.04) 
 -0.02 
(0.04) 
-0.12 
(0.04) 
0.01 
(0.04) 
-0.07 
(0.03) 
0.82 
(0.01) 
0.37 
(0.03) 
 
Bivariate analysis involving traits EIP, SLE and LSW measured in parity 1failed to attain convergence in Yorkshire sows as the additive genetic variance 
associated with these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Supplementary Table 2.4. Genetic correlations (above diagonal) and phenotypic correlations (below diagonal) between traits 
measured in parity 1 for Landrace sows (SE in parenthesis); bold printed correlations differ from zero (p<0.05) 
 
B
W
F
 
B
F
F
 
L
D
F
 
B
W
L
 
B
F
L
 
L
D
L
 
T
F
I 
L
W
G
 
E
O
P
 
E
B
1
 
E
B
2
 
R
F
I 
L
B
P
 
S
B
P
 
L
S
B
 
BWF 
 
0.66 
(0.14) 
0.08 
(0.22) 
0.32 
(0.17) 
0.00 
(0.31) 
 -0.04 
(0.35) 
0.43 
(0.19) 
0.56 
(0.24) 
0.51 
(0.27) 
 -0.08 
(0.22) 
-0.10 
(0.19) 
0.41 
(0.19) 
 -0.18 
(0.21) 
0.05 
(0.31) 
 -0.10 
(0.19) 
BFF 0.33 
(0.03) 
 
0.49 
(0.17) 
0.11 
(0.16) 
 -0.38 
(0.29) 
 -0.34 
(0.33) 
 -0.23 
(0.16) 
0.42 
(0.23) 
0.29 
(0.29) 
0.17 
(0.19) 
-0.22 
(0.15) 
-0.29 
(0.16) 
 -0.16 
(0.19) 
-0.52 
(0.23) 
 -0.36 
(0.16) 
LDF 0.25 
(0.03) 
0.13 
(0.03) 
 
-0.40 
(0.20) 
0.32 
(0.34) 
 -0.23 
(0.46) 
 -0.01 
(0.23) 
0.07 
(0.32) 
0.04 
(0.35) 
0.05 
(0.25) 
0.19 
(0.20) 
 -0.24 
(0.23) 
 -0.25 
(0.24) 
-0.60 
(0.29) 
-0.40 
(0.21) 
BWL 0.48 
(0.04) 
0.03 
(0.05) 
-0.09 
(0.05) 
 
0.60 
(0.25) 
0.48 
(0.28) 
-0.74 
(0.10) 
0.38 
(0.26) 
0.29 
(0.29) 
-0.81 
(0.11) 
-0.77 
(0.09) 
-0.75 
(0.10) 
 -0.22 
(0.19) 
 -0.42 
(0.26) 
-0.31 
(0.17) 
BFL -0.15 
(0.04) 
0.00 
(0.05) 
0.01 
(0.04) 
0.19 
(0.03) 
 
0.63 
(0.52) 
-0.66 
(0.32) 
0.88 
(0.34) 
ne 
-0.95 
(0.03) 
-0.93 
(0.24) 
 -0.28 
(0.35) 
0.11 
(0.34) 
-0.79 
(0.44) 
 -0.14 
(0.33) 
LDL -0.09 
(0.04) 
 -0.05 
(0.05) 
0.10 
(0.04) 
0.22 
(0.04) 
0.15 
(0.03) 
 
 -0.04 
(0.35) 
0.47 
(0.45) 
0.35 
(0.49) 
-0.76 
(0.39) 
-0.26 
(0.30) 
0.33 
(0.38) 
 -0.39 
(0.35) 
0.03 
(0.53) 
 -0.43 
(0.32) 
TFI 0.05 
(0.04) 
-0.10 
(0.05) 
 -0.03 
(0.04) 
-0.51 
(0.03) 
-0.11 
(0.03) 
-0.14 
(0.03) 
 
-0.31 
(0.30) 
 -0.23 
(0.31) 
0.55 
(0.19) 
0.95 
(0.04) 
0.90 
(0.04) 
 -0.13 
(0.22) 
0.23 
(0.29) 
 -0.03 
(0.20) 
LWG 0.09 
(0.04) 
0.12 
(0.05) 
0.03 
(0.04) 
0.07 
(0.04) 
0.09 
(0.03) 
0.06 
(0.03) 
0.24 
(0.03) 
 ne 
 -0.06 
(0.31) 
-0.63 
(0.19) 
0.13 
(0.27) 
 -0.25 
(0.27) 
 -0.26 
(0.41) 
 -0.29 
(0.25) 
EOP 0.05 
(0.04) 
 -0.01 
(0.05) 
-0.08 
(0.04) 
0.07 
(0.04) 
0.04 
(0.03) 
0.05 
(0.04) 
0.18 
(0.03) 
0.86 
(0.01) 
 
 -0.08 
(0.33) 
-0.55 
(0.21) 
0.12 
(0.29) 
 -0.37 
(0.29) 
 -0.37 
(0.42) 
-0.45 
(0.25) 
EB1 0.09 
(0.05) 
 -0.02 
(0.05) 
0.11 
(0.05) 
-0.49 
(0.03) 
-0.92 
(0.01) 
-0.18 
(0.04) 
0.24 
(0.03) 
 -0.06 
(0.04) 
 -0.09 
(0.04) 
 
0.79 
(0.15) 
 -0.03 
(0.23) 
 -0.09 
(0.23) 
0.48 
(0.31) 
0.03 
(0.22) 
EB2 -0.24 
(0.04) 
0.01 
(0.05) 
0.18 
(0.04) 
-0.48 
(0.03) 
-0.15 
(0.03) 
-0.17 
(0.04) 
0.77 
(0.02) 
-0.38 
(0.03) 
-0.41 
(0.03) 
0.26 
(0.03) 
 ne 
0.11 
(0.19) 
0.08 
(0.57) 
0.25 
(0.17) 
RFI 0.13 
(0.04) 
-0.13 
(0.04) 
 -0.02 
(0.03) 
-0.54 
(0.03) 
0.11 
(0.04) 
 -0.06 
(0.04) 
0.91 
(0.01) 
0.34 
(0.03) 
0.26 
(0.03) 
-0.13 
(0.05) 
0.76 
(0.02) 
 
 -0.14 
(0.22) 
0.21 
(0.30) 
 -0.00 
(0.20) 
LBP -0.16 
(0.04) 
-0.07 
(0.04) 
-0.14 
(0.03) 
-0.26 
(0.04) 
0.07 
(0.04) 
0.01 
(0.04) 
0.08 
(0.04) 
-0.09 
(0.04) 
 -0.03 
(0.04) 
 0.00 
(0.05) 
0.21 
(0.04) 
 -0.02 
(0.04) 
 
0.26 
(0.35) 
0.89 
(0.06) 
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Supplementary Table 2.4 continued 
SBP  -0.05 
(0.04) 
-0.14 
(0.04) 
-0.11 
(0.03) 
 -0.04 
(0.04) 
0.04 
(0.04) 
 -0.02 
(0.04) 
0.01 
(0.04) 
 -0.02 
(0.04) 
-0.07 
(0.04) 
 -0.05 
(0.04) 
0.01 
(0.05) 
0.02 
(0.03) 
-0.22 
(0.03) 
 
0.63 
(0.24) 
LSB -0.19 
(0.04) 
-0.16 
(0.04) 
-0.20 
(0.03) 
-0.16 
(0.04) 
0.09 
(0.04) 
 -0.02 
(0.04) 
0.02 
(0.04) 
-0.09 
(0.04) 
-0.10 
(0.04) 
 -0.07 
(0.04) 
0.16 
(0.04) 
 0.00 
(0.04) 
0.82 
(0.01) 
0.34 
(0.03) 
 
Bivariate analysis involving traits EIP, SLE and LSW measured in parity 1failed to attain convergence in Landrace sows as the additive genetic variance 
associated with these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Supplementary Table 2.5. Genetic correlations (above diagonal) and phenotypic correlations (below diagonal) between traits 
measured in parity 2 for Yorkshire sows (SE in parenthesis); bold printed correlations differ from zero (p<0.05) 
 
B
W
F
 
B
F
F
 
L
D
F
 
B
W
L
 
L
D
L
 
T
F
I 
L
W
G
 
E
O
P
 
E
B
1
 
E
B
2
 
R
F
I 
L
B
P
 
S
B
P
 
L
S
B
 
L
S
W
 
BWF 
 
0.25 
(0.24) 
0.56 
(0.20) 
-0.09 
(0.29) 
-0.25 
(0.27) 
0.40 
(0.27) 
0.24 
(0.29) 
0.37 
(0.23) 
0.51 
(0.38) 
0.23 
(0.36) 
0.41 
(0.26) 
-0.35 
(0.28) 
-0.22 
(0.34) 
-0.29 
(0.24) 
-0.22 
(0.32) 
BFF 0.35 
(0.03) 
 
0.16 
(0.24) 
0.16 
(0.26) 
-0.22 
(0.30) 
0.17 
(0.28) 
0.42 
(0.27) 
0.49 
(0.24) 
0.36 
(0.47) 
0.01 
(0.33) 
0.19 
(0.28) 
0.18 
(0.31) 
-0.46 
(0.34) 
-0.03 
(0.27) 
-0.24 
(0.35) 
LDF 0.32 
(0.04) 
0.26 
(0.04) 
 
-0.15 
(0.24) 
-0.86 
(0.13) 
0.18 
(0.27) 
-0.01 
(0.29) 
0.11 
(0.27) 
0.43 
(0.41) 
0.14 
(0.36) 
0.11 
(0.26) 
-0.24 
(0.27) 
-0.46 
(0.31) 
-0.34 
(0.22) 
-0.04 
(0.32) 
BWL 0.26 
(0.05) 
0.17 
(0.06) 
-0.03 
(0.06) 
 
0.50 
(0.25) 
-0.46 
(0.22) 
0.26 
(0.28) 
0.31 
(0.26) 
ne 
-0.66 
(0.22) 
-0.49 
(0.22) 
-0.45 
(0.25) 
0.11 
(0.37) 
-0.31 
(0.23) 
-0.07 
(0.40) 
LDL -0.25 
(0.05) 
-0.24 
(0.05) 
-0.48 
(0.04) 
0.30 
(0.04) 
 
-0.36 
(0.30) 
0.25 
(0.32) 
0.11 
(0.32) 
-0.39 
(0.43) 
-0.47 
(0.32) 
-0.05 
(0.30) 
0.26 
(0.34) 
0.20 
(0.41) 
0.19 
(0.29) 
-0.05 
(0.39) 
TFI 0.03 
(0.05) 
-0.02 
(0.05) 
-0.04 
(0.05) 
-0.34 
(0.04) 
-0.13 
(0.04) 
 
0.34 
(0.28) 
0.31 
(0.27) 
ne 
0.66 
(0.19) 
 0.90 
(0.06) 
-0.30 
(0.38) 
-0.24 
(0.38) 
- 0.28 
(0.27) 
0.56 
(0.30) 
LWG 0.04 
(0.06) 
0.16 
(0.05) 
0.09 
(0.06) 
0.26 
(0.04) 
0.23 
(0.04) 
0.24 
(0.04) 
 
0.99 
(0.02) 
0.16 
(0.63) 
-0.45 
(0.28) 
0.45 
(0.28) 
-0.26 
(0.41) 
-0.25 
(0.43) 
-0.29 
(0.33) 
0.93 
(0.17) 
EOP 0.15 
(0.05) 
0.21 
(0.05) 
0.13 
(0.06) 
0.26 
(0.04) 
0.21 
(0.04) 
0.22 
(0.04) 
0.94 
(0.04) 
 
-0.05 
(0.51) 
-0.48 
(0.25) 
0.26 
(0.31) 
-0.33 
(0.35) 
-0.20 
(0.39) 
-0.35 
(0.28) 
0.94 
(0.11) 
EB1 0.23 
(0.05) 
-0.08 
(0.06) 
0.09 
(0.06) 
-0.66 
(0.02) 
-0.36 
(0.04) 
0.19 
(0.04) 
-0.28 
(0.03) 
-0.27 
(0.04) 
 
0.91 
(0.46) 
0.08 
(0.61) 
0.25 
(0.48) 
-0.22 
(0.57) 
-0.08 
(0.43) 
0.03 
(0.63) 
EB2 -0.08 
(0.06) 
0.01 
(0.06) 
-0.16 
(0.05) 
-0.45 
(0.03) 
-0.27 
(0.04) 
0.66 
(0.01) 
-0.51 
(0.03) 
-0.56 
(0.03) 
0.36 
(0.04) 
 
0.63 
(0.21) 
-0.11 
(0.41) 
0.38 
(0.40) 
-0.08 
(0.33) 
-0.92 
(0.10) 
RFI 0.08 
(0.04) 
-0.07 
(0.04) 
-0.09 
(0.04) 
-0.36 
(0.04) 
-0.02 
(0.04) 
0.92 
(0.01) 
0.37 
(0.04) 
0.33 
(0.04) 
-0.35 
(0.04) 
0.65 
(0.03) 
 
-0.69 
(0.36) 
-0.18 
(0.41) 
-0.49 
(0.29) 
0.03 
(0.42) 
LBP -0.17 
(0.04) 
0.03 
(0.04) 
-0.19 
(0.04) 
-0.19 
(0.05) 
0.10 
(0.05) 
0.13 
(0.05) 
0.11 
(0.05) 
0.03 
(0.05) 
-0.01 
(0.05) 
0.14 
(0.05) 
-0.02 
(0.04) 
 
0.55 
(0.39) 
0.96 
(0.05) 
0.91 
(0.28) 
SBP -0.07 
(0.04) 
-0.09 
(0.04) 
-0.12 
(0.04) 
-0.04 
(0.04) 
0.04 
(0.04) 
-0.08 
(0.04) 
-0.04 
(0.04) 
-0.11 
(0.04) 
-0.07 
(0.04) 
0.13 
(0.04) 
-0.05 
(0.04) 
-0.02 
(0.04) 
 
0.76 
(0.22) 
0.45 
(0.03) 
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Supplementary Table 2.5 continued 
LSB -0.18 
(0.04) 
0.03 
(0.04) 
-0.23 
(0.04) 
0.13 
(0.05) 
0.09 
(0.05) 
-0.04 
(0.05) 
0.04 
(0.05) 
-0.07 
(0.05) 
-0.11 
(0.05) 
0.06 
(0.05) 
-0.04 
(0.04) 
0.86 
(0.01) 
0.45 
(0.03) 
 
0.74 
(0.25) 
LSW -0.09 
(0.04) 
-0.04 
(0.04) 
-0.06 
(0.04) 
0.32 
(0.05) 
0.05 
(0.05) 
0.13 
(0.05) 
0.54 
(0.04) 
0.76 
(0.02) 
-0.26 
(0.05) 
-0.79 
(0.02) 
-0.22 
(0.05) 
0.13 
(0.04) 
0.45 
(0.03) 
0.05 
(0.04) 
 
Bivariate analysis involving traits BFL, EIP and SLE measured in parity 2 failed to attain convergence in Yorkshire sows as the additive genetic variance 
associated with these traits were near to zero, and hence not shown in the table. 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
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Supplementary Table 2.6. Genetic correlations (above diagonal) and phenotypic correlations (below diagonal) between traits 
measured in parity 2 for Landrace sows (SE in parenthesis); bold printed correlations differ from zero (p<0. 05) 
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L
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R
F
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L
S
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L
S
W
 
BWF 
 
0.44 
(0.41) 
-0.38 
(0.56) 
0.31 
(0.31) 
-0.42 
(0.42) 
0.04 
(0.47) 
-0.12 
(0.46) 
-0.10 
(0.43) 
-0.16 
(0.46) 
-0.04 
(0.51) 
0.23 
(0.43) 
0.20 
(0.44) 
-0.15 
(0.43) 
-0.28 
(0.48) 
0.22 
(0.80) 
0.36 
(0.64) 
-0.08 
(0.66) 
- 0.47 
(0.58) 
BFF 0.35 
(0.04) 
 
0.08 
(0.39) 
0.04 
(0.29) 
-0.32 
(0.47) 
-0.29 
(0.44) 
0.49 
(0.36) 
-0.65 
(0.31) 
-0.40 
(0.36) 
-0.49 
(0.35) 
0.64 
(0.35) 
0.87 
(0.21) 
0.46 
(0.33) 
-0.26 
(0.38) 
ne 
-0.14 
(0.56) 
0.92 
(0.84) 
-0.03 
(0.48) 
LDF 0.33 
(0.04) 
0.26 
(0.04) 
 
0.07 
(0.29) 
0.04 
(0.37) 
-0.64 
(0.36) 
-0.13 
(0.42) 
0.18 
(0.38) 
0.26 
(0.37) 
0.32 
(0.38) 
-0.27 
(0.40) 
-0.02 
(0.35) 
-0.11 
(0.36) 
-0.49 
(0.38) 
ne 
-0.32 
(0.54) 
ne 
-0.54 
(0.45) 
BWL 0.45 
(0.05) 
0.00 
(0.06) 
-0.24 
(0.06) 
 
0.39 
(0.26) 
0.66 
(0.23) 
-0.54 
(0.23) 
0.61 
(0.25) 
0.93 
(0.44) 
0.89 
(0.46) 
-0.09 
(0.28) 
-0.74 
(0.15) 
-0.80 
(0.17) 
-0.73 
(0.16) 
0.55 
(0.72) 
-0.07 
(0.42) 
0.41 
(0.49) 
0.08 
(0.35) 
BFL -0.09 
(0.06) 
-0.15 
(0.06) 
-0.17 
(0.06) 
0.14 
(0.04) 
 
0.63 
(0.36) 
-0.67 
(0.41) 
0.71 
(0.16) 
0.48 
(0.31) 
0.38 
(0.34) 
-0.81 
(0.17) 
-0.90 
(0.05) 
-0.77 
(0.28) 
0.46 
(0.29) 
0.20 
(0.62) 
-0.66 
(0.80) 
-0.09 
(0.51) 
-0.11 
(0.43) 
LDL 0.05 
(0.06) 
0.20 
(0.06) 
-0.01 
(0.06) 
0.18 
(0.04) 
0.15 
(0.04) 
 
-0.14 
(0.39) 
0.71 
(0.31) 
0.75 
(0.35) 
0.51 
(0.39) 
-0.69 
(0.37) 
-0.66 
(0.29) 
-0.48 
(0.35) 
0.64 
(0.35) 
0.38 
(0.65) 
-0.73 
(0.66) 
-0.04 
(0.57) 
-0.07 
(0.46) 
TFI 0.05 
(0.06) 
0.27 
(0.05) 
0.09 
(0.06) 
-0.39 
(0.04) 
-0.10 
(0.04) 
-0.08 
(0.04) 
 
0.26 
(0.34) 
0.29 
(0.31) 
0.34 
(0.32) 
-0.26 
(0.36) 
0.68 
(0.31) 
0.89 
(0.12) 
0.81 
(0.11) 
-0.46 
(0.78) 
0.58 
(0.82) 
0.02 
(0.58) 
0.18 
(0.46) 
EIP -0.01 
(0.06) 
-0.09 
(0.06) 
-0.17 
(0.06) 
0.21 
(0.04) 
0.75 
(0.02) 
0.17 
(0.04) 
0.44 
(0.04) 
 
0.84 
(0.19) 
0.76 
(0.22) 
ne 
-0.81 
(0.13) 
-0.35 
(0.39) 
ne 
0.45 
(0.65) 
0.37 
(0.55) 
0.19 
(0.50) 
0.08 
(0.44) 
LWG 0.13 
(0.06) 
0.03 
(0.06) 
0.02 
(0.06) 
0.14 
(0.04) 
0.09 
(0.04) 
0.11 
(0.04) 
0.31 
(0.04) 
0.32 
(0.04) 
 
0.95 
(0.04) 
-0.54 
(0.36) 
-0.62 
(0.29) 
-0.50 
(0.29) 
0.74 
(0.22) 
-0.21 
(0.63) 
0.70 
(0.58) 
0.18 
(0.58) 
0.26 
(0.42) 
EOP 0.40 
(0.05) 
-0.07 
(0.06) 
0.07 
(0.06) 
0.12 
(0.04) 
0.08 
(0.04) 
0.10 
(0.04) 
0.29 
(0.04) 
0.33 
(0.04) 
0.91 
(0.01) 
 
-0.41 
(0.39) 
-0.47 
(0.32) 
-0.31 
(0.33) 
0.59 
(0.33) 
-0.28 
(0.64) 
0.66 
(0.64) 
0.07 
(0.60) 
0.56 
(0.32) 
SLE 0.25 
(0.06) 
0.07 
(0.06) 
0.03 
(0.06) 
-0.16 
(0.04) 
-0.71 
(0.02) 
-0.11 
(0.04) 
-0.28 
(0.04) 
-0.85 
(0.01) 
0.01 
(0.05) 
0.02 
(0.05) 
 
0.66 
(0.19) 
-0.02 
(0.36) 
ne 
-0.48 
(0.56) 
0.59 
(0.69) 
-0.13 
(0.53) 
0.12 
(0.47) 
EB1 -0.18 
(0.06) 
0.36 
(0.05) 
0.24 
(0.06) 
-0.49 
(0.04) 
-0.91 
(0.01) 
-0.22 
(0.04) 
0.25 
(0.04) 
-0.72 
(0.02) 
-0.13 
(0.04) 
-0.13 
(0.04) 
0.68 
(0.02) 
 
0.87 
(0.20) 
-0.57 
(0.24) 
-0.40 
(0.62) 
0.54 
(0.66) 
-0.12 
(0.46) 
-0.02 
(0.39) 
EB2 -0.31 
(0.05) 
0.16 
(0.06) 
0.11 
(0.06) 
-0.41 
(0.04) 
-0.16 
(0.04) 
-0.14 
(0.04) 
0.75 
(0.02) 
0.22 
(0.04) 
-0.38 
(0.04) 
-0.40 
(0.04) 
-0.31 
(0.04) 
0.31 
(0.04) 
 
0.73 
(0.16) 
-0.20 
(0.77) 
-0.51 
(0.61) 
-0.14 
(0.54) 
-0.35 
(0.48) 
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Supplementary Table 2.6 continued 
RFI 0.03 
(0.04) 
-0.21 
(0.04) 
-0.11 
(0.04) 
-0.57 
(0.04) 
0.54 
(0.04) 
0.02 
(0.04) 
0.91 
(0.01) 
0.68 
(0.03) 
0.42 
(0.04) 
0.37 
(0.04) 
-0.80 
(0.02) 
-0.54 
(0.04) 
0.75 
(0.02) 
 
-0.36 
(0.89) 
ne 
0.19 
(0.67) 
0.19 
(0.58) 
LBP 0.13 
(0.04) 
0.00 
(0.04) 
-0.22 
(0.04) 
-0.22 
(0.05) 
-0.05 
(0.05) 
0.09 
(0.05) 
-0.05 
(0.05) 
-0.13 
(0.06) 
-0.15 
(0.05) 
-0.21 
(0.05) 
0.01 
(0.06) 
0.18 
(0.05) 
0.19 
(0.05) 
-0.09 
(0.04) 
 ne 
0.85 
(0.27) 
-0.11 
(0.81) 
SBP -0.06 
(0.04) 
-0.02 
(0.04) 
-0.09 
(0.04) 
-0.09 
(0.05) 
0.05 
(0.04) 
-0.04 
(0.04) 
0.02 
(0.04) 
0.07 
(0.05) 
-0.07 
(0.05) 
-0.10 
(0.04) 
-0.11 
(0.05) 
-0.01 
(0.05) 
0.09 
(0.05) 
0.05 
(0.04) 
-0.01 
(0.04) 
 
0.58 
(0.66) 
0.03 
(0.73) 
LSB -0.16 
(0.04) 
-0.01 
(0.04) 
-0.24 
(0.04) 
-0.17 
(0.05) 
0.02 
(0.05) 
0.02 
(0.05) 
-0.02 
(0.05) 
0.01 
(0.05) 
0.01 
(0.04) 
-0.21 
(0.05) 
-0.11 
(0.05) 
0.08 
(0.05) 
0.16 
(0.05) 
-0.04 
(0.04) 
0.89 
(0.01) 
0.42 
(0.04) 
 
-0.16 
(0.66) 
LSW -0.04 
(0.04) 
-0.02 
(0.04) 
-0.04 
(0.04) 
0.01 
(0.06) 
0.07 
(0.05) 
0.03 
(0.06) 
0.09 
(0.05) 
0.24 
(0.06) 
0.16 
(0.05) 
0.50 
(0.03) 
0.01 
(0.06) 
-0.17 
(0.06) 
-0.51 
(0.04) 
-0.09 
(0.05) 
0.16 
(0.04) 
-0.22 
(0.04) 
0.04 
(0.04) 
 
ne = Convergence not attained and hence estimates could not be obtained; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP 
= Energy output; SLE = Sow lactation efficiency; RFI = Residual feed intake; EB1 = Energy balance 1; EB2 = Energy balance 2; LBP = Live born piglets; SBP 
= Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning
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CHAPTER 3. GENOME WIDE ASSOCIATION ANALYSIS OF SOW 
LACTATION PERFORMANCE TRAITS IN LINES OF YORKSHIRE PIGS 
DIVERGENTLY SELECTED FOR RESIDUAL FEED INTAKE DURING 
GROW-FINISH 
 
Abstract 
Lactation is an economically important phase in the lifecycle of sows. Short generation 
intervals in nucleus herds, low heritability of traits associated with lactation, along with the 
challenges associated with collecting accurate lactation performance phenotypes, emphasize the 
importance of using genomic tools to examine the underlying genetics of these traits. A genome 
wide association study (GWAS) using 60kSNP chip genotypes was conducted on traits 
associated with lactation in two lines of Yorkshire pigs that were divergently selected for 
residual feed intake (RFI) during grow-finish. A total of 862 farrowing records from 2 parities 
were analyzed using Bayesian whole genome prediction model (Bayes B) to locate 1 Mb regions 
that were most strongly associated with each trait. GWAS was conducted separately for parity 1 
and 2 records. Heritability calculated from the posterior means of the proportion of genetic 
variance associated with all markers across the genome ranged from 0.03 to 0.39 for parity 1 
traits, and from 0.06 to 0.40 for parity 2 traits. For all traits studied, around 90% of the genetic 
variance came from a large number of genomic regions with small effects, and genomic regions 
with big effects were found to be different for the same trait measured in parity 1 and 2. The 
highest percentage of genetic variance explained by a 1 Mb window ranged from 0.37% for feed 
intake during lactation (TFI) to 4.15% for back fat measured at farrowing in parity 1 sows, and 
from 0.22% for TFI to 5.36% for protein mass loss during lactation in parity 2 sows. A total of 
13 1Mb non-overlapping windows were found to explain more than 1.5% of genetic variance for 
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either a single trait or across multiple traits. These 1 Mb windows were on chromosomes 2, 3, 6, 
7, 8, 11, 14, 15, 17 and 18. The major positional candidate genes within 1MB upstream and 
downstream of these windows were Patatin-like phospholipase Domain Containing 2, Carnitine 
Palmitoyltransferase 1A (SSC2), 3-Hydroxy-3-methylglutaryl-CoA lyase (SSC6), Acyl-CoA 
Thioesterase 4 (SSC7), ATPase class V type 10D (SSC8), propionyl CoA carboxylase alpha 
polypeptide (SSC11), Short/branched chain acyl-CoA dehydrogenase (SSC14) and Serine 
Palmitoyltransferase Long Chain base subunit 3 (SSC17). Further validation studies on larger 
populations are required to validate these findings and to improve our understanding of the 
biology and complex genetic architecture of traits associated with sow lactation performance.  
Keywords: sow lactation performance, lactation efficiency, GWAS, pig, parity 
 
Introduction 
Lactation is an energy demanding process in all mammals, as the energy available to the 
sow has to be partitioned into that required for own maintenance, and that required for growth 
and maintenance of its offspring. Better sow performance during lactation can lead to increased 
litter weight gain, decreased sow body tissue loss and a reduction in weaning to estrus interval. 
This in turn enhances the profitability of a commercial sow operation.  Few studies have reported 
on the dynamics of sow body composition and piglets during lactation (Bergsma et al., 2009; 
Gilbert et al., 2012; Young et al., 2014). Genetic improvement of sow lactation performance is 
however hampered by the low heritability of traits associated with it (Bergsma et al., 2009; 
Gilbert et al., 2012; Lundgren et al., 2014; Young et al., 2014) and the economical and practical 
challenges associated with measuring these traits (Bergsma et al., 2009).  
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Some of these limitations can be overcome if we can identify genetic markers associated 
with lactation performance traits and explain the variation contributed by these markers 
(Meuwissen et al., 2001). Availability of genotypes from high density panels of single nucleotide 
polymorphism (SNP) markers on large numbers of individuals provide new opportunities to 
examine the underlying genetics of these complex traits through genome wide association studies 
(GWAS) (Goddard and Hayes, 2009). Bayesian regression methods, developed based on the 
genomic prediction concept proposed by Meuwissen et al. (2001), have been used to conduct 
GWAS in multiple livestock species. Thus, the objective of this study was to identify genomic 
regions that are associated with sow lactation performance and efficiency, using a GWAS on 
high density SNP genotype data from two lines of Yorkshire pigs that were divergently selected 
for residual feed intake (RFI) during grow-finish. 
 
Materials and Methods 
Animals 
Pure line Yorkshire sows from the first eight generations (generations 0 to 7, 0 being the 
base population) of a selection experiment for RFI during the grow-finish phase (Cai et al., 2008; 
Young and Dekkers, 2012) were used for this study. From 721 sows used for breeding in the 
high and low RFI lines divergently selected for RFI, 524 sows (n = 222 from the high RFI line,  
n = 302 from the low RFI line) were selected for genotyping based on availability of relevant 
reproductive and lactation phenotypes and tissue samples for DNA. As no tissues were available 
from generation 1 sows, they were not included in this analysis. Experimental protocols for this 
study were approved by the Iowa State University Institutional Animal Care and Use Committee.  
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A comprehensive description of the design, management, animal selection protocols, feed 
intake recording and methods for calculation of RFI during the grow-finish phase is in Cai et al. 
(2008). A detailed account of sow and litter management practices for these lines can be found at 
Young et al. (2014). Briefly, sows were housed in gestation stalls from breeding to three days 
before farrowing, where they were fed 2.8 kg of feed per day. After farrowing, sows were fed 
manually twice daily to appetite and the quantity offered was recorded. Excess feed, if any, was 
weighed and removed from the trough. Sows were weighed and scanned for back fat at around 
three days before farrowing, when they were transferred to the farrowing house, and on the day 
of weaning. Piglets were weighed at birth and on weaning, and all cross fostering incidents were 
recorded. All cross-fostering were performed within 24 hours of birth unless a sow stopped milk 
production completely and was not necessarily within line (Young et al., 2014). 
Sows were recorded for up to two parities. Some sows were culled after first parity based 
on performance and logistic restrictions. A total of 862 farrowing records (parity 1, n= 512 and 
parity 2, n= 350) were analyzed for this study. Details of the number of records included in each 
generation by parity by line combination are given in Table 2.1. 
Traits associated with lactation 
Energy utilization of a sow during lactation depends directly on things that happen from 
farrowing to weaning, and indirectly on the body condition of the sow at farrowing. Bergsma et 
al. (2009) described the energy metabolism in a lactating sow in detail, based on studies 
conducted by Noblet et al. (1990) and Everts et al. (1994). Important energy sources for a 
lactating sow are feed intake and body resource mobilization during lactation. Energy thus 
available is used for growth and maintenance of the sow and for milk production. Energy used 
for milk production is referred to as energy input and energy in the milk, quantified by piglet 
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growth, is referred to as energy output from the sow during lactation (Bergsma et al., 2009). An 
accurate assessment of this energy partitioning enables assessment of the overall energy 
efficiency of a sow during lactation.  
 
Table 3.1. Number of genotyped sows with reproductive records by generation, parity and line 
Generation Parity 
Selection Line 
Low RFI High RFI 
0 1 46 21 
2 33 0 
2 1 45 18 
2 25 16 
3 1 35 20 
2 21 12 
4 1 43 27 
2 28 20 
5 1 48 52 
2 40 31 
6 1 37 35 
2 40 35 
7 1 41 44 
2 24 25 
RFI = residual feed intake 
 
 
Traits considered in this study can be broadly divided into four groups: pre-farrow traits, 
energy input traits, energy output traits, and energy efficiency traits. Individual records for these 
traits were obtained from a study conducted by Young et al. (2014) in the same population. All 
traits studied, along with abbreviations used, and units are summarized in Table 3.2. Traits are 
described in further detail in the following. 
 
Pre-Farrow Traits: Traits included in this group were those measured before farrowing 
and that have an impact on lactation performance of the sow. Four traits were included in this 
category: sow body weight at farrowing (BWF), sow body fat mass at farrowing (FMF), sow 
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protein mass at farrowing (PMF), and sow back fat at farrowing (BFF). Sow BWF was 
calculated by adjusting the actual sow weight measured three days before farrowing for the 
estimated weight of the placenta, intrauterine fluid, and weight of piglets, based on equations 
derived by Noblet et al. (1985) and Bergsma et al. (2009). Values for BFF were obtained from 
ultrasound measurements on sows, approximately three days before farrowing. Traits PMF and 
FMF were estimated from BFF and BWF based on equations derived by Everts and Dekker 
(1994) and Bergsma et al. (2009). 
 
 
Table 3.2. Traits analyzed abbreviations used and measurement units 
Trait category Trait 
Trait 
abbreviation 
Unit of 
measurement 
Pre farrow traits Body weight at farrowing BWF kg 
 Fat mass at farrowing FMF kg 
 Protein mass at farrowing PMF kg 
 Back fat at farrowing BFF mm 
Energy input traits Total feed intake TFI kg 
 Fat mass loss FML kg 
 Protein mass loss PML kg 
 Body weight loss BWL kg 
 Back fat loss BFL mm 
 Energy input EIP MJ ME/day 
Energy output traits Litter weight gain LWG kg 
 Energy output EOP MJ ME/day 
Efficiency traits Sow lactation efficiency SLE Percentage 
 Residual feed intake RFI kg 
 Net energy balance NEB MJ ME/day 
kg = kilogram; mm = millimeter; MJ ME/ day = Mega joule of metabolizable energy per day 
 
 
Energy Input Traits. Total feed intake (TFI) over the lactation period was measured for 
all sows. In addition to feed, body resources, including body fat mass and body protein mass, are 
other major sources of energy available to the sow during lactation. Based on fat mass and 
protein mass estimated at farrowing and weaning, fat mass loss (FML) and protein mass loss 
90 
 
(PML) were estimated by deducting the estimates of fat and protein mass at weaning from those 
at farrowing. Similarly, body weight loss (BWL) and back fat loss (BFL) during lactation were 
estimated from the corrected body weight and back fat measurements recorded at farrowing and 
weaning. A positive value for these traits means that there was a loss in the trait while negative 
values indicate that the sow gained in that trait during lactation. The energy partitioned towards 
milk production from feed and body mass mobilization constitutes the energy input (EIP) of the 
sow. The equation for calculating EIP on a per day of lactation basis was derived by Bergsma et 
al. (2009) and is as follows:  
EIP (MJ ME/day) = (Energy from total feed intake during lactation + Energy from body 
fat mobilization + Energy from body protein mobilization – Energy required for 
maintenance of the sow ) / lactation length. 
Energy Output Traits. Sows provide energy to piglets through milk for their growth and 
maintenance until weaning. This energy output (i.e. milk yield) can be estimated by measuring 
the energy deposited in the body tissues (fat mass and protein mass) of the piglets, which in turn 
can be assessed by measuring the growth rate of piglets from birth until weaning. Energy output 
(EOP) by a sow was estimated on a per day basis using the equation derived by Bergsma et al. 
(2009): 
EOP (MJ ME/day)  = (Energy in fat deposition of live piglets at weaning + Energy in 
protein deposition of live piglets at weaning + Energy in fat deposition of dead piglets + 
Energy in protein deposition of dead piglets + Energy needed for the maintenance of 
weaned piglets + Energy used for the maintenance of the piglets died before weaning) / 
lactation length.  
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Litter weight gain (LWG) of the sow is another trait that can be used as an indirect 
measurement of milk yield of a sow during lactation and can be estimated as the increase in total 
weight of the litter nursed by that sow. 
Efficiency Traits. Overall energy efficiency during lactation can be measured in three ways: 
sow lactation efficiency (SLE), net energy balance (NEB), and sow residual feed intake (RFI) 
SLE was defined by Bergsma et al. (2008) as the ratio of EOP to EIP, expressed as a 
percentage.  
SLE (%) = (EOP/EIP) * 100 
NEB was defined by Young et al. (2014) on a per day basis and was used as a measure of 
body energy loss by a sow during lactation. This trait was calculated as the difference between 
the energy retained in the sow’s body at weaning and farrowing, which were estimated from the 
estimated fat mass and protein mass in the body, which in turn were estimated from the back fat 
and body weight measured at farrowing and weaning. The equation for calculating NEB, as 
derived by Young et al. (2014), is as follows: 
NEB (MJ ME/day) = (Energy retained by sow at weaning – Energy retained by sow at 
farrowing) / lactation length 
By definition, sows that lose body reserves during lactation have a negative value and 
those that gain have a positive value for NEB. 
Gilbert et al. (2012) defined RFI as the difference between the observed daily feed intake 
and the predicted daily feed intake based on maintenance and production requirements of the 
sow during lactation. For this study the RFI was calculated by estimating regression coefficients 
for sow metabolic mid-weight, BWL, BFL and LWG. The equation for calculating RFI for the 
sows in this study, as explained by Young et al. (2014) is as follows 
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Sow RFI (kg) = TFI – (84.5025 + 0.1776 * sow metabolic mid weight + 4.7602 * LWG – 
2.1796 * BWL – 3.5643 * BFL) 
Additional details of the methods and equations used for calculating the above mentioned 
traits are in Bergsma et al. (2008), Gilbert et al. (2012), and Young et al.(2014). 
Descriptive Statistics 
Least square means for the two lines (high and low RFI) for all 15 traits included in this 
study were estimated using the GLM procedure of SAS
®
 software, Version 9.2 (SAS Institute 
Inc., Cary, NC, USA). For all traits studied, the model included the fixed effects of line (high and 
low RFI line), generation (0 to 7), parity (1 and 2) and the interaction of generation and line. For 
traits included in the input, output and efficiency categories, lactation length and the total number 
of piglets weaned by sow were added as covariates. BWF, FMF, PMF and BFF were included as 
additional covariates for analyzing the traits BWL, FML, PML and BFL, respectively. Estimates 
of narrow sense heritabilities, estimated using a two trait animal model that always included RFI 
measured during finishing as one of the trait, using ASReml (Gilmore et al., 2009) were obtained 
from Young et al. (2014).  
DNA isolation and Genotyping 
Extraction of DNA from tail tissues collected at birth and genotyping were done by 
GeneSeek Inc. (Lincoln, NE, USA), using the Illumina (San Diego, Ca, USA) PorcineSNP60 
Bead Chip (Ramos et al., 2009). A total of 62,163 SNPs were genotyped for each animal. SNPs 
with a minor allele frequency ≤ 0.025 and missing genotypes ≥ 0.05 % were excluded from the 
analysis. After quality control, 48,521 SNPs were included in the final analysis. 
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Genome wide association analysis 
The Bayes B Bayesian variable selection model for genomic prediction (Meuwissen et 
al., 2001) was used to identify genomic regions and SNPs associated with sow lactation 
performance traits. Each trait and parity was analyzed separately. The statistical model used was: 
𝑦 = 𝑋𝑏 + ∑ 𝑧𝑖𝛼𝑖𝛿𝑖 + 𝑒
𝑘=48,521
𝑖=1
 
Where 𝒚 is a vector of phenotypes; 𝑿 is th incidence matrix for fixed effects 𝒃; k is the 
total number of SNPs; 𝒛𝒊 is a vector of genotypes of the fitted SNPi, coded as -10/0/10 for the 
three genotypes; i is the random allele substitution effect of the fitted SNPi; 𝜹𝒊 is a random 0/1 
variable indicating the absence/presence of SNPi  in the model within a given iteration of the 
Markov-Chain Monte Carlo (MCMC) chain, and 𝒆 is the vector of random residual effects 
assumed to be normally distributed. The prior probability that a SNP is included in the model 
with non-zero effect is 1- , where  is the apriori probability of 0 effect. The proportion of 
markers fitted in the model () was estimated from the same data for each trait using the Bayes 
C method (Habier et al., 2011) 
All GWA analyzes were conducted using the GenSel software version 4.0 (Fernando and 
Garrick, 2009), which uses an MCMC approach to estimate the effect of each marker fitted in the 
model. For each trait and parity, a total of 100,000 iterations of the Markov chain were run, of 
which the first 30,000 were discarded as burn-in, and results from the remaining iterations were 
accumulated to obtain the posterior mean of each SNP effect. The proportion of post burn-in 
iterations in which a particular SNP was included in the model can be used as evidence for an 
association between SNP and QTL (Sun et al., 2011). But in high density SNP genotyping, 
multiple SNPs may be in linkage disequilibrium (LD) with each other, and hence the effect of a 
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QTL may be spread over multiple markers, which can result in underestimation of the effect of 
individual SNPs as estimates of the QTL effect (Fan et al., 2011). To overcome this, a window 
approach, which accumulates the effects of adjacent SNPs has been implemented in version 4.0 
of GenSel software (Wolc et al., 2012), and this approach was used in this study to identify 
genomic regions that harbor QTL. Based on Sus scrofa genome build 10.2 (Pig genome 
assembly version 10.2; NCBI Genebank ID GCA_000003025.4), the genome was divided into 
2578 consecutive non-overlapping 1 Mb windows (on autosomes and the sex chromosome), after 
excluding 9,730 unmapped SNPs. As explained by Wolc et al. (2012), in the approach 
implemented in GenSel, for each 50
th
 iteration of the MCMC chain, for each 1 Mb window and 
each individual, the sampled values for the effects of the SNPs in that window were used to 
calculate a sample of the posterior distribution of the true breeding value of that animal for that 1 
Mb window, by multiplying the sampled SNP effect with the SNP genotype code and then 
summing across all SNPs in that window. The variance of the sample breeding values for a 
window (across all individuals) was then used as a sample of the posterior distribution of the 
genetic variance explained by that window and the average of these variances across iterations of 
the chain as the posterior mean of the variance explained by each window (Saatchi et al., 2013). 
The cumulative distribution of window variances ranked by size was used to identify the number 
and effect of QTL for each trait (Wolc et al., 2012).  
As the genome was divided into 2578 one Mb windows, under a polygenic model each 
window is expected to explain at least 0.038% (=
1
2578
× 100) of the variance, which was used 
as a cutoff value to identify windows that explained more variance than expected (Schurink et 
al., 2012; Wolc et al., 2012). 
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Gene search and functional annotation with two-stage selection of markers 
One Mb windows that explained the most genetic variance for a given trait were 
considered to have the strongest signal for association with that trait. In a first stage, from among 
the windows that explained more than the threshold percentage of variance (0.038%), 10 
windows that explained the greatest percentage of genetic variance for each trait and parity were 
selected for further investigation. The proportion of genetic variance explained by each selected 
windows for each trait and parity was plotted after grouping them into the four trait categories of 
Table 3.2. In total, 300 windows were selected from 15 traits and 2 parities. This list included 
214 unique 1 Mb windows as some windows were associated with more than one trait.  
For a detailed candidate gene search, this list of 214 1 Mb windows was trimmed down 
using a second stage selection process. As traits were grouped into four categories based on 
functional similarity, the proportion of genetic variance explained by a window was summed up 
within each of the four categories. For example, if a window explained 0.75% of genetic 
variance for BWF and 0.75% for BFF, these two genetic variances were summed to 1.5%, as 
both traits belong to pre farrow trait category, and the result was assigned to that window for that 
trait category. This process was done separately for parity 1 and 2 traits. This process helped to 
identify windows which may not have a big impact on any one trait, but might have smaller 
effects on multiple related traits. 
All windows that explained more than 1.5% of genetic variance, either for a single trait, 
or cumulative genetic variance for multiple traits with in a category of trait, were selected for a 
detailed candidate gene search, resulting in 13 windows. These 1 Mb windows, along with their 
1 Mb upstream and downstream regions were searched for candidate genes, using the Database 
for Annotation, Visualization and Integrated Discovery software (DAVID – 
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http://david.abcc.ncifcrf.gov/ accessed February 8, 2014). Previously reported QTL in these 
regions were obtained from PigQTLdb (http://www.animalgenome.org/cgi-bin/gbrowse/pig/ 
accessed February 8, 2014), on the basis of Sus scrofa genome build 10.2. 
 
Results 
Descriptive Statistics 
Number of observations and means (with standard deviation in parenthesis) by parity for 
traits associated with sow lactation performance are in Table 3.3. The number of observations 
available for each trait varied as not all sows studied had complete information on all required 
parameters.  
In general, sows in parity 2 were heavier at farrowing, consumed more feed, weaned 
heavier litters and lost less body energy resources (BWL, FML and PML), than parity 1 sows. 
Although parity 2 sows had greater inputs (EIP) and outputs (EOP), their SLE was lower than 
the SLE of parity 1 sows.  The average value obtained for the efficiency trait NEB indicates that 
parity 2 sows were at a better energy balance at the end of lactation. LSmeans calculated by line 
(high and low RFI) in Table 3.4  show that seven generations of selection on RFI during 
finishing have impacted the lactation performance of sows in this population. Across parities and 
generations, sows from the high RFI line were heavier at farrowing and consumed more feed 
during lactation, but mobilized less body resources and weaned lighter litters, compared to sows 
from low RFI line. Because of this, high RFI sows had lower SLE and high NEB than low RFI 
sows. A detailed description of the effects of selection on RFI during finishing on the 
reproductive and lactation performance of these sows is in Young et al. (2014).  
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Table 3.3. Number of observations (n) and means (standard deviation in parenthesis) by parity 
Trait categories Traits, units 
Parity 1  Parity 2 
n means (SD)  n means (SD) 
Pre farrowing traits BWF, kg 447 180.3 (22.3)  320 200.2 (28.7) 
FMF, kg 423 48.4 (13.2)  274 48.9 (14.4) 
PMF, kg 423 25.8 (3.2)  274 29.8 (4.0) 
BFF, mm 481 21.7 (6.1)  298 21.0 (6.5) 
Input Traits TFI, kg 482 113.0 (41.0)  346 138.2 (39.9) 
BWL, kg 445 11.4 (14.9)  307 4.8 (19.7) 
FML, kg 411 7.4 (8.3)  248 6.8 (6.9) 
PML, kg 411 1.0 (2.6)  248 -0.2 (3.1) 
BFL, mm 460 3.1 (4.0)  277 3.2 (3.1) 
EIP, MJ ME/day 411 57.7 (15.3)  248 65.9 (14.3) 
Output Traits LWG, kg 509 38.5 (13.1)  337 47.1 (13.7) 
EOP, MJ ME/day 500 26.6 (6.3)  336 31.9 (7.6) 
Efficiency Traits SLE, % 411 51.3 (43.6)  248 50.6 (19.3) 
NEB, MJ ME/day 411 -14.4 (14.8)  248 -11.3 (13.2) 
RFI, kg 411 -0.52 (20.1)  248 0.7 (22.1) 
SD = Standard deviation; BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at 
farrowing; BFF = Back fat at farrowing; TFI = Total feed intake; BWL = Body weight loss; FML = Fat mass loss; 
PML = Protein mass loss; BFL = Back fat loss; EIP = Energy input; LWG = Litter weight gain; EOP = Energy 
output; SLE = Sow lactation efficiency; NEB = Net energy balance; RFI = Residual feed intake 
 
 
Genome wide association analysis 
Separate analyzes were conducted for parity 1 and 2 traits. Estimates of π obtained from 
the Bayes Cπ method ranged from 0.965 for BWF in parity 1, to 0.999 for multiple traits in both 
parities. Across all traits analyzed, the average estimate of π was 0.995, which means that out of 
48,521 SNPs included in the analysis, 99.5% were estimated to have no effect on the trait. With a 
high value of π, only regions with strong associations with the trait will be fitted in the Bayes B 
model in any iteration of the analysis (Wolc et al., 2012). Thus, on average around 250 SNPs 
were included in the model in any iteration.  
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Table 3.4. Number of observations (n) and LSmeans (SE in parenthesis) by line 
Trait categories Traits, units 
Low RFI  High RFI 
n LSmeans (SE)  n LSmeans (SE) 
Pre farrowing traits BWF, kg 457 188.0 (0.9)  310 192.2 (1.3) 
FMF, kg 415 45.9 (0.5)  282 50.0 (0.7) 
PMF, kg 415 27.6 (0.2)  282 28.0 (0.2) 
BFF, mm 460 20.0  (0.2)  319 21.8 (0.3) 
Input Traits TFI, kg 486 122.2 (1.0)  340 130.5 (1.5) 
BWL, kg 451 10.9 (0.6)  301 4.2 (0.8) 
FML, kg 394 8.1 (0.3)  265 5.8 (0.4) 
PML, kg 394 0.7 (0.1)  265 -0.04 (0.2) 
BFL, mm 435 3.6 (0.1)  303 2.6 (0.2) 
EIP, MJ ME/day 394 61.5 (0.7)  265 63.3 (0.9) 
Output Traits LWG, kg 496 42.5 (0.4)  342 41.4 (0.6) 
EOP, MJ ME/day 496 29.4 (0.2)  342 28.3 (0.3) 
Efficiency Traits SLE, % 394 50.9 (1.5)  265 46.7 (2.1) 
NEB, MJ ME/day 394  -13.4 (0.7)  265 -11.2 (0.8) 
BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at farrowing; BFF = Back fat 
at farrowing; TFI = Total feed intake; BWL = Body weight loss; FML = Fat mass loss; PML = Protein mass loss; 
BFL = Back fat loss; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation 
efficiency; NEB = Net energy balance; RFI = Residual feed intake 
 
Estimates of marker-based heritability, calculated from posterior means of the proportion 
of genetic variance associated with all markers across the genome are in Table 3.5, along with 
their standard errors (calculated as the standard deviations across iterations of the chain). 
Estimates ranged from 0.03 to 0.39 for parity 1 traits, and from 0.06 to 0.40 for parity 2 traits. 
Pedigree based estimates of heritability for the same population, obtained from Young et al. 
(2014), are included for comparison. For all traits except two (LWG and SLE), marker-based 
estimates of heritability were either lower than or similar to pedigree-based estimates.  
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Table 3.5. Estimates of marker-based and pedigree-based heritability (SE in parenthesis) 
Trait Categories Traits 
Heritability (standard error) 
From 
Pedigree
1 
From markers
2 
Parity 1 Parity 2 
Pre farrowing traits BWF 0.62 (0.03) 0.17 (0.03) 0.32 (0.05) 
FMF 0.44 (0.05) 0.37 (0.05) 0.28 (0.06) 
PMF 0.44 (0.05) 0.16 (0.05) 0.40 (0.08) 
BFF 0.43 (0.05) 0.39 (0.05) 0.31 (0.07) 
Input Traits TFI 0.25 (0.04) 0.26 (0.04) 0.22 (0.04) 
BWL 0.37 (0.05) 0.12 (0.03) 0.12 (0.03) 
FML 0.23 (0.06) 0.17 (0.04) 0.09 (0.03) 
PML 0.36 (0.05) 0.03 (0.01) 0.13 (0.05) 
BFL 0.17 (0.05) 0.09 (0.03) 0.06 (0.03) 
EIP 0.23 (0.06) 0.10 (0.02) 0.20 (0.04) 
Output Traits LWG  0.06 (0.03) 0.24 (0.03) 0.36 (0.06) 
EOP 0.13 (0.04) 0.08 (0.03) 0.09 (0.03) 
Efficiency Traits SLE 0.09 (0.04) 0.13 (0.03) 0.28 (0.06) 
NEB 0.12 (0.05) 0.17 (0.04) 0.13 (0.03) 
RFI 0.16 (0.05) 0.13 (0.03) 0.16 (0.04) 
1
 Estimates obtained from Young et al. (2014) 
2
 Standard errors calculated as the posterior standard deviation for Bayesian analyzes 
BWF = Body weight at farrowing; FMF = fat mass at farrowing PMF = Protein mass at farrowing; BFF 
= Back fat at farrowing; TFI = Total feed intake; BWL = Body weight loss; FML = Fat mass loss; PML 
= Protein mass loss; BFL = Back fat loss; EIP = Energy input; LWG = Litter weight gain; EOP = Energy 
output; SLE = Sow lactation efficiency; NEB = Net energy balance; RFI = Residual feed intake 
 
The percentage of genetic variance explained by the 1 Mb windows with the largest 
effect for each trait and parity are given in Table 3.6. The highest percentage of genetic variance 
explained by a 1 Mb window ranged from 0.37% for TFI to 4.15% for the BFF in parity 1 sows, 
and from 0.22% for TFI to 5.36% for PML in parity 2 sows. From among the windows that 
explained more than the threshold percentage of genetic variance (0.038%), 10 windows that 
explained the largest percentage of genetic variance for each Bayes B analysis (from 15 traits 
and 2 parities) were selected for further investigation. Among these 300 windows, 214 were 
unique, as some of them were associated with more than one trait. Plots by parity of the 
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proportion of genetic variance explained by these 214 windows are in Figure 3.1 to Figure 3.4 for 
the four trait categories. The posterior probability of inclusion (PPI) or the probability that these 
windows explain more variance than the expected under a polygenic model were low, and the 
highest PPI obtained was 42.1 %. 
 
Table 3.6. Percentage of genetic variance explained by the 1 Mb window with the largest effect 
for each trait and parity 
Trait 
Category 
Trait 
Parity 1 
 
Parity 2 
% 
of 
var
1
  
Chr
2 
Pos
3 
% of 
iterations 
with 
variance 
> 
0.038% 
 
% 
of 
var
1
  
Chr
2
 Pos
3
 
% of 
iterations 
with 
variance 
> 
0.038% 
Pre 
farrowing 
traits 
BWF 0.91 2 128 7.9  0.48 6 74 78.5 
FMF 1.85 15 150 32.6  0.54 6 74 18.2 
PMF 4.00 2 1 20.0  1.91 11 77 26.6 
BFF 4.15 15 150 44.0  2.13 15 21 7.9 
Input 
Traits 
TFI 0.37 10 30 41.6  0.22 13 203 32.5 
BWL 0.79 7 92 21.4  0.45 14 144 14.3 
FML 1.25 3 136 13.0  1.10 18 47 33.0 
PML 0.41 1 213 4.6  5.36 14 144 40.2 
BFL 1.80 3 136 10.1  0.56 18 47 3.7 
EIP 0.79 3 139 12.0  1.28 8 40 12.7 
Output 
Traits 
LWG  0.69 7 126 27.1  2.65 7 101 36.7 
EOP 0.94 5 17 7.9  0.49 8 141 9.9 
Efficiency 
Traits 
SLE 1.02 9 75 14.3  0.94 9 129 18.7 
NEB 0.55 16 29 18.0  0.36 9 5 13.7 
RFI 0.95 5 103 18.9  0.59 2 81 9.6 
1
 Percentage of genetic variance 
2
 Chromosome 
3 
Position on chromosome in Mb 
BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at farrowing; BFF = 
Back fat at farrowing; TFI = Total feed intake; BWL = Body weight loss; FML = Fat mass loss; PML = 
Protein mass loss; BFL = Back fat loss; EIP = Energy input; LWG = Litter weight gain; EOP = Energy 
output; SLE = Sow lactation efficiency; NEB = Net energy balance; RFI = Residual feed intake 
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Figure 3.1. Percentage of genetic variance explained by the top 10 associated windows for pre 
farrow traits 
 
 
 
Figure 3.2. Percentage of genetic variance explained by the top 10 associated windows for input 
traits 
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Figure 3.3. Percentage of genetic variance explained by the top 10 associated windows for 
output traits 
 
Figure 3.4. Percentage of genetic variance explained by the top 10 associated windows for 
output traits 
 
In general, across all traits studied, windows identified for pre-farrow traits and for input 
traits explained a larger proportion of genetic variance than traits in the output and efficiency 
categories (Figure 3.1 to Figure 3.4). Also across all four trait categories, the important windows 
identified were different for parity 1 and 2 phenotypes. The total proportion of genetic variance 
explained by the selected windows (214) for each trait and parity is in Table 3.7.   
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Table 3.7. Total proportion of genetic variance explained by the selected windows for different 
traits and parity 
Trait Categories Traits 
Total % of genetic variance 
explained by the selected 
windows 
Parity 1 Parity 2 
Pre farrowing traits BWF 3.80 1.62 
FMF 5.12 3.24 
PMF 14.04 9.36 
BFF 8.68 7.48 
Input Traits TFI 2.96 1.75 
BWL 3.24 2.91 
FML 5.92 4.29 
PML 2.68 10.17 
BFL 7.85 3.17 
EIP 3.81 4.54 
Output Traits LWG  3.80 6.44 
EOP 5.13 2.92 
Efficiency Traits SLE 4.89 4.70 
NEB 3.45 2.75 
RFI 4.54 2.58 
BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at farrowing; BFF = Back fat 
at farrowing; TFI = Total feed intake; BWL = Body weight loss; FML = Fat mass loss; PML = Protein mass loss; 
BFL = Back fat loss; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation 
efficiency; NEB = Net energy balance; RFI = Residual feed intake 
 
Gene search and functional annotation 
From the 214 unique selected windows, those that explained at least 1.5% of genetic 
variance for either a single trait or summed across multiple traits in a trait category by parity, 
were selected for detailed examination of candidate genes. Details for the resulting 13 windows 
are in Table 3.8. Of these 13 windows, 6 were associated with parity 1 traits and 7 with parity 2 
traits. The windows identified were different for parity 1 and 2. Of these 13 windows, 7 were 
associated with pre farrow traits, 5 with input traits, and 1 with output traits. No window 
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explained more than 1.5% of cumulative genetic variation for all efficiency traits in either parity. 
These 1 Mb windows, along with their neighboring regions (± 1 Mb), were searched for 
candidate genes and for QTL related to growth, feed intake, metabolism and milk production. 
Results are summarized in Table 3.9. 
 
Table 3.8. 1 Mb windows that explained more than 1.5% of genetic variance within each trait 
category by parity 
Pari
-ty 
Chro
-mo-
some 
Posi-
tion 
(Mb) 
Trait 
category 
Total % of 
genetic 
variance 
explained in 
each 
category 
Asso-
ciated 
traits 
% of 
genetic 
variance 
explained 
for each 
trait 
% of 
iterations 
with 
variance > 
0.038% 
1 2 1 Pre Farrow 4.00 PMF 4.00 20.5 
133 Pre Farrow 2.78 PMF 2.78 19.7 
3 136 Input 3.73 FML 1.25 12.3 
BFL 1.8 9.8 
EIP 0.68 9.7 
15 150 Pre Farrow 6.00 FMF 1.85 31.5 
BFF 4.15 42.1 
17 25 Pre Farrow 2.27 PMF 2.27 17.2 
18 16 Input 1.79 FML 0.8 11.2 
BFL 0.99 6.5 
2 6 74 Pre Farrow 3.34 FMF 0.54 26.6 
PMF 1.34 25.3 
BFF 0.98 15.4 
BWF 0.48 45.2 
7 101 Output 2.93 LWG 2.65 37.6 
EOP 0.28 5.3 
8 40 Input 1.58 FML 0.30 2.6 
EIP 1.28 15.5 
11 77 Pre Farrow 1.91 PMF 1.91 26.6 
14 144 Input 5.81 PML 5.36 17.8 
BWL 0.45 10.9 
15 21 Pre Farrow 2.53 FMF 0.4 13.5 
BFF 2.13 16.5 
18 47 Input 1.66 FML 1.10 5.4 
BFL 0.56 3.4 
BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at farrowing; BFF = Back fat 
at farrowing; BWL = Body weight loss; FML = Fat mass loss; PML = Protein mass loss; BFL = Back fat loss; EIP = 
Energy input; LWG = Litter weight gain; EOP = Energy output 
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Table 3.9. Candidate genes and previously reported QTLs for traits associated with growth, feed 
intake, metabolism and milk production 
Chr
1 Position 
(Mb) 
Candidate genes Previously reported QTL 
2 1 CPT1A, PNPLA2 ADG, FCR, BWT 
133 HSD17B4 ADG, FCR, BWT 
3 136 ADAM17, IAH1  BWT  
6 74 HMGCL FCR, ADG, BWT 
7 101 ACOT4 ADG, BWT 
8 40 ATP10D  BWT, ADG, Lipid accretion rate 
11 77 PCCA None 
14 144 ACADSB, ATE1, CPXM2  None 
15 21 MGAT5 None 
150 COL6A3  None 
17 25 SPTLC3  BWT 
18 16 AGBL3  BWT, Loin eye area  
47 CREB5, PLEKHA8 BWT, FCR 
1  
Chr – Chromosome; ADG- average daily gain; FCR- Feed conversion; BWT- body weight at end of the test 
 
 
Alternate statistical models studied 
 The analysis described above was conducted by fitting line (high and low RFI) as a fixed 
effect which takes out the differences between lines. So in order to capture the line differences, 
separate GWAS by parity was conducted for each trait, by excluding the effect of line from the 
model. We followed the same procedure as described in methods for performing GWAS and 
candidate gene search. A total of 14 1 Mb windows were identified that explained more than 
1.5% of genetic variance, either for a single trait, or cumulative for multiple traits in a trait 
category. These windows along with their position, traits associated, proportion of variance 
explained for each trait and percentage of iteration where the variance explained exceeded the 
cutoff value of 0.38% is listed in Table 3.10. The results were very similar to those obtained by 
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including line in the model (Table 3.8). Of the 14 windows, 9 were same as identified by 
including line in the model. The new 1 Mb windows identified were on chromosomes 2 (at 51 
Mb and 81 Mb), 4 (at 99 Mb) and 6 (at 36 Mb and 68 Mb). Among these regions, the window 
located at 81 Mb on chromosome 2 explained 2.7% of genetic variance for the efficiency trait 
RFI. The windows which were lost in this analysis when compared to the previous one (by 
including line in the model) were located on chromosome 7 (at 101 Mb), 8 (40 Mb), 11 (77 Mb) 
and 15 (at 21 Mb). The 9 windows that were in common in both analysis were on chromosome 2 
(at 1 and 133 Mb), 3 (136 Mb), 6 (74 Mb), 14 (144Mb), 15 (150 Mb), 17 (25 Mb) and on 18 (at 
16 and 47 Mb). The percentage of variance explained by these windows was comparable in both 
models. We also attempted separate GWAS for sows from each line (high and low RFI) and 
parity. But for many traits, especially for sows from the high RFI line and parity 2, the chain 
failed to attain convergence due to a low number of observations.  
 
Discussion 
 
The aim of this study was to identify genomic regions associated with sow lactation 
performance in a divergently selected Yorkshire population, spanning 8 generations, and to 
quantify the effect of these regions on traits associated with lactation. GWAS were conducted 
using Bayesian multiple regression models to identify genomic associations with the 15 traits 
related to lactation. Traits were grouped into four categories: pre farrowing traits, energy input 
traits, energy output traits, and efficiency traits. 
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Table 3.10. 1 Mb windows explaining more than 1.5% of genetic variance within each trait 
category when line (high and low RFI) was excluded from the model 
Pari
-ty 
Chro
-mo-
some 
Posi-
tion 
(Mb) 
Trait 
category 
Total % of 
genetic 
variance 
explained in 
each 
category 
Asso-
ciated 
traits 
% of genetic 
variance 
explained for 
each trait 
% of iterations 
with variance > 
0.038% 
1 2 1 Pre farrow 3.7 PMF 3.7 18.2 
133 2.2 PMF 2.2 17.5 
3 136 Input 4.2 FML 1.5 19.3 
BFL 2.4 18.3 
EIP 0.4 11.6 
4 99 Input 2.2 PML 2.2 13.9 
6 36 Input 2.6 FML 0.7 11.2 
BFL 2.0 15.5 
68 Input 3.8 FML 1.4 20.7 
BFL 2.4 17.9 
15 150 Pre farrow 4.3 FMF 1.2 33.9 
BFF 3.1 38.9 
17 25 Pre farrow 3.0 PMF 3.0 21.3 
18 16 Input 1.8 FML 0.6 10.7 
BFL 1.2 10.2 
2 2 51 Input 1.5 BWL 0.3 13.2 
FML 0.3 4.1 
PML 0.7 4.9 
BFL 0.2 2.9 
81 Efficiency 2.7 RFI 2.7 19.0 
6 74 Pre farrow 2.6 BWF 0.5 77.8 
FMF 0.5 36.8 
PMF 1.6 26.7 
14 144 Input 3.4 PML 3.4 12.1 
18 47 Input 1.8 BFL 1.1 13.4 
FML 0.7 5.0 
BWF = Body weight at farrowing; FMF = Fat mass at farrowing; PMF = Protein mass at farrowing; BFF = Back fat 
at farrowing; BWL = Body weight loss; FML = Fat mass loss; PML = Protein mass loss; BFL = Back fat loss; EIP = 
Energy input; LWG = Litter weight gain; EOP = Energy output; RFI – Residual feed intake 
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Previous studies have suggested that for reproductive traits in pigs, parity 1 records 
should be considered as a separate trait from records from parity 2 and higher.  These studies 
have shown that the genetic correlation between the parity 1 and higher traits were not very high, 
indicating that these traits might be genetically different (Roehe and Kennedy, 1995; Hanenberg 
et al., 2001; Oh et al., 2006; Imboonta et al., 2007). In this study, we conducted separate GWAS 
for parity 1 and 2 records, to identify genomic regions associated with sow lactation performance 
in these parities. A detailed description of the characteristics of sows utilized in this study is in 
Young et al. (2014).  
Heritability estimates 
Very few studies are available on the dynamics of sow body condition during lactation, 
and to our knowledge this is the first attempt to conduct a GWAS on traits associated with it. In 
this population, heritability estimates by parity obtained from GWAS were either lower than or 
comparable to heritability estimates obtained from the pedigree based analysis for all traits 
except two (LWG and SLE) (Table 3.5). Marker based heritabilities were estimated separately 
for parity 1 and 2 records, whereas the pedigree based heritabilities were estimated across 
parities using a repeatability model. For sow reproductive traits, Roehe and Kennedy, (1995) 
reported that heritability estimates for parity 1 were higher than those of parity 2, but Oh et al. 
(2006) reported a reverse trend. In the current study, there was no pattern among the estimates 
obtained for parity 1 or 2 for lactation traits. Of the 15 traits, parity 1 estimates were higher than 
parity 2 estimates for 6 traits and parity 2 estimates were higher for 7 traits.  
As also observed for the pedigree based estimates of heritability, marker-based estimates 
for pre farrowing traits were higher than those of input, output and efficiency traits (Table 3.5). 
Although input, output and efficiency traits are defined as sow traits, they are highly influenced 
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by the performance of individual piglets and this might be a reason for the low estimates of 
heritability for these traits.  
Energy input traits can be broadly divided into TFI and tissue mobilization traits (BWL, 
BFL, FML and PML). Among the input traits, TFI showed moderate marker based heritability in 
both parities (Table 3.5), and these estimates were comparable with the pedigree based estimates 
reported by Young et al. (2014) for the same population, and those reported by Gilbert et al. 
(2012) and Bergsma et al. (2008) for different experimental populations of pigs. But for all tissue 
mobilization traits, the marker based estimates of heritability (ranging from 0.03 to 0.17 in parity 
1 sows and from 0.06 to 0.12 in parity 2 sows) were lower than the pedigree based estimates. 
The pedigree based estimates of heritability for these traits in this population ranged from 0.17 to 
0.37 (Young et al., 2014).  
  Direct measurement of milk yield is not possible in pigs, but LWG during lactation can 
be considered as an indicator trait for milk yield (Revell et al., 1998; Bergsma et al., 2008). Both 
LWG and EOP are traits that reflect the energy output from a sow during lactation and are 
estimated from piglet body weights at birth and weaning. Bergsma et al. (2008) showed that they 
had the same heritability estimates and a genetic correlation estimate close to 1 (0.99), indicating 
that they are genetically the same trait. But in the current study, estimates of marker-based 
heritability were different for these two traits (EOP and LWG); in both parities, the marker-based 
heritability estimate was greater for LWG than for EOP. The extra variation introduced into the 
calculation of EOP by through birth weight and average daily gain might be a reason this. 
The marker based estimates of heritability of SLE of parity 1 sows obtained in the current 
study were comparable with the pedigree based estimates reported by Bergsma et al. (2008) and 
Young et al. (2014), but were higher for parity 2 estimates. The estimates of marker based 
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heritability for RFI were close to the estimate reported by Gilbert et al. (2012) for both parities 
but lower than the estimate reported by Young et al. (2014).   
Genome wide association analysis 
GWAS conducts a genome wide search for markers or chromosome regions that have a 
significant association with a phenotype (Garrick and Fernando, 2013). The assumption behind a 
GWAS is that significant SNPs or regions are in LD with a QTL, i.e. a causative mutation 
affecting the trait (Goddard and Hayes, 2009). In this study, we utilized Bayesian variable 
selection methods that were developed for genomic prediction by Meuwissen et al. (2001), 
wherein multiple markers are fitted simultaneously, to estimate the effect of markers or genomic 
regions on the trait. Compared to single marker analysis, where generally the significant 
association explains only a small fraction of the genetic variance of the trait, multiple SNP 
methods fit all markers simultaneously as random effects, and are able to account for most of the 
genetic variance in the population (Fernando and Garrick, 2013). SNP effects estimated by 
simultaneously fitting all the SNP genotypes capture the partial effect of a SNP on phenotype, 
adjusted for all other SNPs in the model (Garrick and Fernando, 2013). Sahana et al. (2010) 
compared different association mapping methods in a simulated complex pedigree and 
concluded that Bayesian variable selection methods that fit multiple SNPs simultaneously 
performed better in identifying QTL than single marker tests and haplotype based analyses.  
We used a window approach (non-over lapping 1 Mb windows) in the GWAS to identify 
genomic regions associated with traits. Any QTL is likely to be in LD with a number of markers 
around it, and this LD is likely to deteriorate as the distance between markers and QTL increases. 
In such situations, when fitting all markers simultaneously, the effects of a QTL will be 
distributed across markers surrounding it. The window based approach used in GenSel software, 
111 
 
accounts for the LD with a QTL that extends across SNPs (Garrick and Fernando, 2013). In this 
study, the Bayesian variable selection regression model B (Bayes B) was used to estimate the 
effect of genomic regions on a trait.  
Separate GWAS was conducted for parity 1 and 2 phenotypes.  The results show that, of 
the 13 windows selected for candidate gene search, none was common across parities 1 and 2 
(Table 3.8). These results corroborate the assumption that parity 1 and 2 traits should be 
considered as different traits, especially for traits associated with lactation and reproduction. 
Stoickov (personal communication) conducted GWAS on reproductive traits (total number born, 
total number weaned, litter weight at birth and weaning, etc.) in the same population and also 
concluded that different important regions were identified for parity 1 and 2 traits. Also, the 
major regions identified to be associated with sow reproductive traits were different from those 
we identified here for lactation traits.  
Large differences in the total proportion of genetic variance explained by the 214 selected 
windows were observed between traits (Table 3.7), ranging from 2.7 to 14.0% in parity 1 and 
from 1.8 to 10.2% in parity 2. The highest proportion of genetic variance explained by the 
selected windows for any trait was 14% for PMF in parity 1, followed by 10.2% for PML in 
parity 2. For all other traits, the total percentage of genetic variance explained by the selected 
windows was less than 10%. Across traits, the average proportion of genetic variance explained 
by the selected windows was 5.3% in parity 1 and 4.5% in parity 2. These results suggest that, 
for most traits included in this study, genomic regions with larger effects explained only a very 
small percentage of total genetic variance and more than 90% of the genetic variance came from 
a large number of genes or regions with small effects. This pattern is in agreement with the 
explanation provided by various other authors on the genetic architecture of some complex traits 
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in animals, such as egg weight and its standard deviation in layer chickens (Wolc et al., 2012), 
insect-bite hypersensitivity in horses (Schurink et al., 2012), RFI in grower pigs (Onteru et al., 
2013), reproductive traits in pigs (Onteru et al., 2012), puberty and reproductive longevity in 
sows (Tart et al., 2013), and height in humans(Yang et al., 2010). All these studies suggest that a 
large number of SNPs are required to capture a substantial proportion of the genetic variation of 
complex traits in animals. Alternatively, to identify strong effects for these traits, we need greater 
statistical power which can be attained by a larger sample size. In contrast, for traits with a major 
QTL, a small region of the genome can explain a large proportion of the genetic variance, e.g. 
for fat % in milk in Holstein cattle (Hayes et al., 2010), viral load in a porcine reproductive and 
respiratory syndrome challenge (Boddicker et al., 2012), and body weight at 42 to 46 weeks of 
age in layer chicken (Wolc et al., 2014).  
Gene search and functional annotation 
The 13 1 Mb windows that explained more than 1.5% of genetic variance within a parity 
for any trait category, along with their neighboring regions (± 1 Mb) were searched for candidate 
genes responsible for energy utilization or nutrient metabolism. Results were then compared with 
previous studies of GWAS for traits associated with feed utilization, feed efficiency and energy 
metabolism in pigs and other mammalian species. Previously identified QTL for growth and feed 
efficiency related traits in pigs, were obtained from PigQTLdb. The 13 genomic regions 
identified were on chromosomes 2, 3, 6, 7, 8, 11, 14, 15, 17 and 18 (Table 3.8).  
Two windows on chromosome 2 (at 1 and 133 Mb) explained more than 2% of genetic 
variation for protein mass estimated at farrowing in parity 1 sows (Table 3.8). This is a pre-
farrow trait calculated from body weight and back-fat measured before farrowing. Of the two 
candidate genes identified near 1 Mb on chromosome 2 (Table 3.9), the Patatin-like 
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phospholipase Domain Containing 2 gene (PNPLA2) is found to have some biological 
association with lipid storage. This gene is also known as the Adipose Triglyceride Lipase gene 
(ATGL) and plays an important role in the catalysis of triglycerides in adipose tissue. Catabolism 
of triglycerides is important in energy deficient times, such as early lactation. PNPLA2 catalyzes 
the initial step in tri glyceride hydrolysis in adipocyte and non-adipocyte lipid droplets 
(http://www.genecards.org/cgi-bin/carddisp.pl?gene=PNPLA2 accessed February 8, 2014). It 
removes the first fatty acid from the triglyceride molecule, generating free fatty acid and 
diglyceride in mammalian cells (Dai et al., 2011). PNPLA2 also regulates lipid droplet size 
through basal or maintenance lipolysis (Miyoshi et al., 2008). Real time RT-PCR studies in pigs 
revealed that the expression of this gene is 15 times greater in back fat than in muscle (Dai et al., 
2011). Human studies have shown that ATGL protein level in body increases during fasting, 
indicating more lipolysis (Nielsen et al., 2011). This explains the role of this gene during energy 
deficient periods such as early lactation. Similar results have been observed in pigs, where ATGL 
gene expression increased during periods of restricted feeding (Deiuliis et al., 2008). Another 
candidate gene identified near 1 Mb on chromosome 2 is Carnitine Palmitoyltransferase 1A 
(CPT1A), which plays an important role in mitochondrial fatty acid metabolism (Lee et al., 
2011). Hydroxysteroid (17-beta) Dehydrogenase (HSD17B44), a bi-functional enzyme acting in 
the peroxisomal beta oxidation pathway for fatty acids (http://www.genecards.org/cgi-
bin/carddisp.pl?gene=HSD17B4 accessed February 8, 2014) is present near 133 Mb on 
chromosome 2. Both these regions, at 1 and 133 Mb on SSC2, also have previously identified 
QTL for traits such as growth, average daily gain and feed conversion as summarized in 
PigQTLdb (Hu et al., 2013). 
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On chromosome 3, the window at 136 Mb explained a cumulative genetic variance of 
3.7% for the input traits fat mass loss, back fat loss and energy input for milk production in 
parity 1 sows. The candidate gene (ADAM17) identified in this region is a member of the ADAM 
(a disintegrin and metalloprotease) gene family, which code for membrane-anchored cell surface 
proteins (Asai et al., 2003). This gene has a proteolytic function and cleaves the membrane 
bound TNF (Tumor necrosis factor) - alpha to its mature soluble form. A QTL search using 
PigQTLdb revealed previously identified QTL in this region for body weight at the end of 
performance test (Hu et al., 2013). 
A 1 Mb window at 74 Mb on chromosome 6 explained a considerable proportion of 
genetic variation (3.3%) for four traits of the pre farrow category in parity 2 (FMF, PMF, BFF, 
BWF) (Table 3.8).  The candidate gene 3-Hydroxy-3-methylglutaryl-CoA lyase (HMGCL) in this 
region provides instructions for making an enzyme called HMG-CoA lyase that is found in 
mitochondria and peroxisomes. This mitochondrial enzyme plays a critical role in breaking down 
proteins and fats from the diet by catalyzing the last step of leucine degradation and ketogenesis 
(which is the process by which the ketone bodies are produced as a result of fatty acid 
breakdown) (http://ghr.nlm.nih.gov/gene/HMGCL accessed September 22, 2014). In humans, 
deficiency of this enzyme can cause hypoglycemia and metabolic acidosis (Mitchell et al., 1998). 
Ketone bodies produced as a result of ketogenesis  by liver are used peripherally as an energy 
source when glucose is not readily available, i.e. during fasting or prolonged exercise (Laffel, 
1999).  A search in QTLdb revealed QTL for average daily gain and body weight at the end of 
performance test in this region.  
A region on chromosome 7 at 101 Mb, was found to be responsible for nearly 3% of 
genetic variation for traits in the output category in parity two, i.e. traits that measure milk 
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production potential of parity 2 sows. The candidate gene in this region, Acyl-CoA Thioesterase 
4 (ACOT4), codes for Acyl-CoA thioesterase enzymes that catalyze the hydrolysis of acyl-CoAs, 
which are involved in metabolism of fatty acids (http://www.genecards.org/cgi-
bin/carddisp.pl?gene=ACOT4 accessed February 8, 2014). The acyl-CoA undergoes beta 
oxidation to form acetyl-CoA, which in turn enters the TCA cycle to produce ATP. Results from 
PigQTLdb showed that QTL for average daily gain and body weight at the end of performance 
test spanned this region. 
Input traits, such as FML and EIP in parity 2, were found to be associated with a 1 Mb 
region at 40 Mb on chromosome 8. The suggested candidate gene in this region is ATPase, class 
V, type 10D (ATP10D), a gene implicated in phospholipid translocation 
(http://www.genecards.org/cgi-bin/carddisp.pl?gene=ATP10D accessed September 22, 2014). 
Onteru et al. (2013) in a GWAS analysis in the same population, identified genes related to 
insulin and obesity on chromosome 11 to be associated with traits such as average daily gain 
during grow-finish. The QTLs identified in this region using PigQTLdb were associated with 
traits such as growth and body weight at end of performance test period. 
A 1 Mb window at 77 Mb on chromosome 11 explained 1.9% of genetic variation for 
protein mass estimated at farrowing in parity 2. The suggested candidate gene in this region is 
propionyl CoA carboxylase alpha polypeptide (PCCA), which provides instruction for making 
the alpha subunit of an enzyme called propionyl-CoA carboxylase, which plays a major role in 
the breakdown of amino acids like isoleucine, methionine, threonine and valine 
(http://ghr.nlm.nih.gov/gene/PCCA accessed September 22, 2014). This biotin depended 
mitochondrial enzyme, catalyzes the conversion of propionyl CoA to D-methylmalonyl-CoA, 
which is later converted into other molecules that are used as an energy source (Jiang et al., 
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2005). No QTL were reported in QTLdb in this region that were associated with growth or feed 
efficiency. 
A window at 144 Mb on chromosome 14 explained 5.4% of genetic variation for the trait 
protein mass loss and 0.5 % of genetic variation for body weight loss in parity 1 sows. The 
suggested candidate genes in this region are Short/branched chain acyl-CoA dehydrogenase 
(ACADSB), Arginyltransferase 1 (ATE1) and Carboxypeptidase X member 2 (CPXM2). 
ACADSB is a member of the acyl-CoA dehydrogenase family of enzymes that catalyze the 
dehydrogenation of acyl-CoA derivatives in the metabolism of fatty acids or branched chain 
amino acids (http://www.genecards.org/cgi-bin/carddisp.pl?gene=ACADSB accessed February 
8, 2014), which may explain its association with PML. The two other candidate genes in this 
region, ATE1 and CPXM2, are also associated with proteolysis 
(http://www.ncbi.nlm.nih.gov/IEB/Research/Acembly/av.cgi?db=human&c=Gene&l=CPXM2  
accessed September 22, 2014). As per the information available in PigQTLdb, there are no 
reported QTL in this region. 
Two regions on chromosome 15 explained more than 1.5% of genetic variation for two 
closely related traits BFF and FMF. The 1 Mb window located at 21Mb explained 2.5% of 
genetic variation for these traits in parity 2 sows, and a window at 150 Mb explained 6% of 
genetic variation for these traits in parity 1 sows. Mannosyl (alpha-1,6)-Glycoprotein Beta-1,6-
N-Acetyl transferase (MGAT5) is a candidate gene for the association at  21 Mb. The protein 
encoded by this gene catalyzes the addition of N-acetylglucosamine in beta 1-6 linkage to the 
alpha linked mannose of biantennary N-linked oligoschrides (http://www.genecards.org/cgi-
bin/carddisp.pl?gene=MGAT5  accessed September 22, 2014), i.e. this gene codes for one of the 
most important enzymes involved in the regulation of the biosynthesis of glycoprotein 
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oligosaccharide. This gene, along with the phosphate and tensin homologue, regulate cellular 
sensitivities to extracellular growth cues (Cheung and Dennis, 2007). The candidate gene near 
position 150 Mb is Collagen Type6 alpha (COL6A3), which acts as a cell binding protein 
(http://www.ncbi.nlm.nih.gov/gene/1291 accessed September 22, 2014). There were no reported 
QTL in PigQTLdb for growth related traits in these two regions. 
A 1 Mb window at 25 Mb on chromosome 17 explained 2.3% of genetic variation for 
PMF in parity 1. Results from PigQTLdb show a QTL for body weight across this region. The 
candidate gene Serine Palmitoyltransferase Long Chain base subunit 3 (SPTLC3), which is 
reported to be associated with the lipid biosynthetic process (http://www.genecards.org/cgi-
bin/carddisp.pl?gene=SPTLC3 accessed September 22, 2014), is found in this region. A genome 
wide association study in humans has shown that this gene is associated with metabolic traits and 
disorders (Illig, 2010). Results from a GWAS conducted by Sahana et al. (2010) on Duroc pigs, 
identified SNPs this region with significant effects on feed conversion ratio in growing pigs. A 
window located at 47 Mb on chromosome 18 explained more than 1.5% of genetic variation for 
BFL and FML in parity 2. The candidate gene identified in this region is Pleckstrin Homology 
Domain Containing, Family A (Phosphoinositide Binding Specific) Member 8 (PLEKHA8). 
Studies in human have shown that the protein encoded by this gene, four-phosphate adaptor 
protein 2 (FAPP2), regulates the transport of protein from the Golgi complex to the cell surface 
and also functions as a lipid transfer protein involved in glycosphingolipid metabolism at the 
Golgi complex (D'Angelo et al., 2012).  
GWAS of efficiency traits 
Although none of the 1 Mb windows selected in efficiency trait category explained more 
than 1.5% of genetic variance, the two windows (in parity 1 and 2) that explained the highest 
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percentage of genetic variance, were subjected to a candidate gene search. Both these windows 
were on chromosome 9. In parity 1, a window at 75 Mb explained 1.0% of genetic variance for 
SLE and 0.3% for NEB. Neighboring chromosomal segments at 75, 76 and 78 Mb also explained 
more than 0.2% of genetic variance for SLW and NEB (Figure 3.4). Similarly in parity 2, a 1 Mb 
window at 129 Mb explained 0.9% of genetic variance for SLE. The neighboring window at 130 
Mb explained 0.5% of genetic variance for SLE (Figure 3.4). So these regions (from 74 Mb to 79 
Mb and from 128Mb to 131Mb) on chromosome 9 were subjected for detailed candidate gene 
search.  
Majority of the genes found in the 5 Mb window (from 74 Mb to 79 Mb) on chromosome 
9 are associated with the complement pathway of the innate immune system, but the gene 6-
phosphofructo-2-kinase/fructose-2, 6-bisphosphatase 2 (PFKFB2), located at 74 Mb is a signal 
molecule that controls glycolysis (Rider et al., 2004). The PFKB2 enzymes synthesize fructose 
2-6 bisphosphate (F26BP), which allosterically activates 6-phosphofructo-1-kinase (PFK-1), a 
rate-limiting enzyme and a control point in the glycolytic pathway. PFK-1 is inhibited by ATP 
when energy stores are abundant, and F26BP can override this inhibition and enhance glucose 
uptake and glycolytic flux (Yalcin et al., 2009). This might be a reason for the activation of this 
gene during lactation, where enhanced glycolysis is essential due to high energy demand. In 
parity 2 sows, a 3 Mb window (from 128Mb to 131Mb) was searched for candidate genes. The 
candidate gene identified, Pappalysin2 (PAPPA2) codes for an enzyme that cleaves insulin like 
growth factor binding protein 5 (IGFBP5), and is also a candidate gene for QTL affecting body 
size in mice (Christians et al., 2006). 
A separate GWAS conducted by excluding line (high and low RFI) from the model, 
identified a 1 Mb window at 81 Mb on chromosome 2 being associated with RFI (efficiency 
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trait).  This window explained 2.7% of genetic variance for RFI measured in parity 2. The same 
window appeared as the region which explained the highest percentage of variance (0.59 %) in 
the analysis including line in the model. The candidate genes identified in this region belong to 
Zinc finger gene family which provides instructions for making zinc figure proteins.  
 
Conclusions 
The GWAS performed by parity on sow lactation feed intake and efficiency identified 
genomic regions associated with these and related traits. Separate genomic regions were 
associated with the same trait in parity 1 and 2 sows, which implies that for traits associated with 
lactation in pigs, parity 1 traits should be considered as genetically different from parity 2. For all 
traits studied, around 90% of the genetic variation came from a large number of genomic regions 
with small effects. 1 Mb windows which explained more than 1.5% of genetic variance either a 
single trait or across multiple traits in a trait category were selected for a candidate gene search. 
For traits belonging to the efficiency trait category, none of the top windows explained more than 
1.5% of genetic variance. So for these traits, regions that explained the highest percentage of 
genetic variance were subjected for candidate gene search. This study revealed many candidate 
genes present in regions for these traits. This information about significant regions and 
associated candidate genes provides insight into the biology and genetic architecture of these 
traits.  The results need further validation in other pig populations and breeds. In general, the 
outcomes from this study can be used as prior information to develop genetic improvement 
programs that incorporate marker-based breeding values for these novel economic traits, which 
can improve the profitability of the pork production sector.  
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CHAPTER 4. A GENOME WIDE ASSOCIATION ANALYSIS FOR SOW 
LACTATION TRAITS IN YORKSHIRE AND LANDRACE SOWS 
 
Abstract 
Lactation is an economically important phase in the lifecycle of sows. Short generation 
intervals in nucleus herds, low heritability of traits, along with the challenges associated with 
collecting accurate lactation performance phenotypes, emphasize the importance of using 
genomic tools to examine the underlying genetics of these traits. A genome wide association 
study (GWAS) using 60k single nucleotide polymorphism (SNP) chip genotypes was conducted 
on traits associated with lactation in Yorkshire and Landrace sows maintained at a commercial 
nucleus farm in Canada. The traits studied were broadly divided into 4 trait categories: pre-
farrow, energy input, energy output and efficiency traits. A total of 2558 farrowings records 
(1,532 sows; 821 Yorkshire and 711 Landrace; farrowed between August 2011 and December 
2013) from 2 parities were analyzed using Bayesian regression method BayesB, to identify 
regions that were associated with each trait. GWAS was conducted separately for parity 1 and 2 
records. A 1 Mb region on chromosome 2 explained 43% of genetic variation for litter weight 
gain in parity 2 Yorkshire sows. Least squares means calculated by fitting the most significant 
SNP from this region as a fixed effect, showed that the effect of this region was also significant 
(P < 0.05) for the sow traits back fat loss, loin depth loss, body weight loss, net energy balance 
and residual feed intake in parity 2 and later Yorkshire sows. There was no effect of this SNP 
genotype on traits measured before farrowing and on feed intake during lactation. Yorkshire 
sows homozygous for the unfavorable allele of this SNP mobilized less body resources during 
parity 2 and 3 lactation and produced litters of lower weight when compared to the other two 
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genotypes. Analysis on reproductive traits showed that Yorkshire sows homozygous for the 
unfavorable allele weaned 1.5 fewer piglets than other two genotypes in parity 2 and 1.8 fewer 
piglets in parity 3. Similarly, the difference in litter weight at weaning was around 12 kg in parity 
2 and 17 kg in parity 3. The average weaning weight of a piglet from Yorkshire sows 
homozygous for the unfavorable allele were lower by 1.2 kg in parity 2 and 1.9 kg in parity 3 
than other two genotypes. This region did not have a significant effect on parity 1 Yorkshire 
sows and also not on Landrace sows in any of the three parities. The favorable allele of this SNP 
in this region had a frequency of 0.43 in Yorkshire and 0.87 in Landrace sows. A total of 16 1Mb 
non-overlapping windows that explained the highest percentage of genetic variance within a 
parity for any trait category for a breed were selected for candidate gene search. These 1 Mb 
windows were on chromosomes 1, 2, 3, 4, 5, 6, 7, 13, 16 and X. The major positional candidate 
genes with in 1MB upstream and downstream of these windows were ATP binding cassette 
subfamily C member 8, lactate dehydrogenase A, coatomer protein complex, subunit beta 1, 
UEV and Lactate/Maleate Dehydrogenase domains, glycine-N-acetyle transferase, exportin 6, 
amino-alpha-1 6-glucosidaz 4-alpha-glucanotransferase, beta-galactoside-alpha-2,3-
sialyltransferase-III, cytochrome P450 family 3 subfamily A polypeptide, polypeptide N-
acetylgalactosaminyltransferase 10 and ATP-binding cassette, sub-family D  member 1. Further 
validation studies on larger populations are required to validate these findings and to improve our 
understanding of the biology and complex genetic architecture of traits associated with sow 
lactation performance. 
Keywords: sow lactation performance, lactation efficiency, GWAS, pig,  
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Introduction 
Lactation, an integral part of the lifecycle of mammals, is an energy demanding process, 
as the energy available to the dam has to be partitioned for its own maintenance and for milk 
production. In pigs, litter size has increased in the past few decades and will continue as an 
important goal trait in breeding programs (Baxter et al., 2013). Larger litter means more suckled 
mammary glands, which results in increased milk output (Auldist et al., 1998). During lactation, 
if feed intake is insufficient, sows mobilize body reserves to maintain milk production (Eissen et 
al., 2000). But excess mobilization of body reserves leads to fertility complications (Lundgren et 
al., 2014). A better sow performance during lactation means increased litter weight gain, 
decreased sow body tissue loss and a reduction in weaning to estrus interval.  Genetic 
improvement of sow lactation performance is however hampered by the low heritability of traits 
associated with it (Bergsma et al., 2009; Gilbert et al., 2012; Lundgren et al., 2014; Young et al., 
2014) and the economical and practical challenges associated with measuring these traits 
(Bergsma et al., 2009).  
Using molecular marker information associated with lactation performance traits can be 
used to overcome some of these limitations. Availability of marker genotypes from high density 
panels of single nucleotide polymorphism (SNP) markers on large numbers of individuals 
provides new opportunities to examine the underlying genetics of these complex traits through 
genome wide association studies (GWAS) (Goddard and Hayes, 2009). Bayesian regression 
methods, developed based on the genomic prediction concept proposed by Meuwissen et al. 
(2001), have been used to conduct GWAS in multiple livestock species. The objective of this 
study was to identify genomic regions associated with sow lactation performance and efficiency, 
using a GWAS on high density SNP genotype data from Yorkshire and Landrace sows. 
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Materials and Methods 
Animals were subjected to standard production conditions in a commercial setting, and 
no additional recordings were made and hence no approval of the animal care and use committee 
was required. 
Animals: Data from pure line Yorkshire and Landrace sows maintained at a commercial 
breeding facility in Canada were used for this analysis. A total of 1,532 sows (Yorkshire n = 821 
and Landrace n = 711) with farrowings between August 2011 and December 2013 were selected 
for genotyping based on the availability of phenotypes and tissue samples for DNA.  As it was a 
nucleus breeding facility, most sows were kept for only two farrowings and some were kept for a 
third farrowing and then culled. The split-up of records by breed and parity used in this study are 
in Table 4.1.  
 
Table 4.1. Number of sows genotyped and farrowing records available by breed and parity 
Breed 
No. of sows 
genotyped 
No. of 
Farrowing 
Parity 
1 2 3 
Yorkshire 821 1397 748 484 165 
Landrace 711 1161 648 369 144 
 
A detailed description of sow and litter management practices followed in this herd can 
be found in chapter 2. Briefly, during gestation the sows were fed 1.9 to 2.5 kg of commercial 
sow feed per day containing at least 12.6 MJ of ME/kg (Megajoule of Metabolizable Energy / 
Kilogram) feed. The sows were weighed and scanned for back fat and loin depth around 3-5 days 
before farrowing, when they were moved to farrowing rooms, and at the time of weaning. The 
fat depth and loin depth were measured using a single ultrasound scan measurement on the left 
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side of the sow above the last four ribs and parallel to the backbone, using an Aloka SSD-500V 
®
 
(Hitachi Aloka, Tokyo, Japan) ultrasound scanning machine. The piglets were weighed at birth, 
at the time of fostering, and at death or weaning.  
Traits: Energy utilization of sows during lactation is a complex process and depends on 
the sow’s body condition at the time of farrowing and on conditions during lactation. Bergsma et 
al. (2009) have described in detail about the energy metabolism in sows during lactation 
(Supplementary figure 4.1). The major sources of energy during lactation are feed consumed and 
body resources mobilized during lactation. The energy thus available is used for growth and 
maintenance of the sow and for producing milk. The energy used for producing milk is 
considered as energy input for the sow during lactation and the energy in milk is considered as 
energy output during lactation. Bergsma et al (2008) derived equations to quantify these energy 
pathways based on experiments conducted by Noblet et al. (1990) and Everts et al. (1994a), 
which can be used to assess the overall efficiency of sow during lactation. The traits analyzed in 
this study can be broadly divided into four categories viz. pre farrow traits, energy input traits, 
energy output traits and overall efficiency traits. The phenotypic data for the traits used in this 
analysis were obtained from chapter 2. All traits studied along with abbreviations used and units 
used for measuring are summarized in Table 4.2. The details of the methods and equations used 
for the calculation of the traits are in chapter 2, Young et al. (2014) and Bergsma et al. (2009) 
and are summarized in the following by trait category. 
Pre-farrow traits: Three traits were included in this category, namely corrected sow body 
weight at the time of farrowing (BWF), back fat and loin depth measured before farrowing (BFF 
and LDF). BWF was calculated from the actual body weight of the sow measured 2-3 days 
before farrowing, after correcting for the fetal and placental weight estimated from the piglet 
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weights based on equations derived by Noblet et al. (1985) and Bergsma et al. (2009). BFF and 
LDF were obtained directly from the ultrasound scan measurements done when the sow was 
moved to the farrowing pen. 
Energy input traits: Input traits are those which contribute towards the energy partitioned 
for milk production. This energy can come from either the feed consumed during lactation or 
from the body resources mobilized. Total feed intake during lactation (TFI) was measured using 
the Gestal FM
©
 computerized feeding system from JYGA technologies (Saint-Nichols, Quebec, 
Canada). This electronic equipment fitted on the feed delivery system inside the farrowing pen, 
fed the sows multiple times per day in a precise and continuous manner and recorded all feeding 
events and transmitted the data to a centralized computer. The body resources mobilized during 
lactation are indicated by the sow’s body weight loss (BWL), back fat loss (BFL) and loin depth 
loss (LDL) and was calculated by deducting the measurements made at weaning from those at 
farrowing. A positive value for these traits indicates a loss and a negative value indicates that the 
sow gained in those traits during lactation. The entire energy available from these sources for 
producing milk constitutes the energy input of the sow for milk production (EIP). The equation 
for calculating the EIP was derived by Bergsma et al. (2008). The formula to estimate EIP for a 
sow on a per day basis was as follows  
EIP (MJ ME/day) = (Energy from total feed intake during lactation + Energy from body 
fat mobilization + Energy from body protein mobilization – Energy required for the 
maintenance of the sow )/lactation length 
Energy mobilized from body fat and protein mass during lactation were calculated from 
body weight loss and back fat loss during lactation (Bergsma et al., 2009). Maintenance energy 
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requirements of the sow were derived from the sow’s metabolic body weight (Average body 
weight
0.75
; (Noblet et al., 1990)) 
Energy output traits: Besides growth and maintenance, the energy available to the sow 
during lactation is used for producing milk, which in turn is used by the piglets for their growth 
and maintenance. Based on the work of Everts and Dekker (1994a, b), Bergsma et al. (2008) 
derived equations for calculating the energy content in milk from the body weight of piglets 
measured at birth, death , weaning and fostering:   
EOP (MJ ME/day) = (Energy in fat deposition of live piglets at weaning + Energy in 
protein deposition of live piglets at weaning + Energy in fat deposition of dead piglets + 
Energy in protein deposition of dead piglets + Energy needed for maintenance of weaned 
piglets + Energy used for the maintenance of the piglets died before weaning) / lactation 
length 
It is not practical to measure daily milk yield in sows directly. A method to measure milk 
production in lactating sows indirectly is to use piglet growth from birth to weaning as an 
indicator for milk yield. In the current study, all non-mummified piglets born were weighed at 
birth, death, weaning, and at the time of fostering. These data were used to quantify the amount 
of weight gain of each piglet under each sow. Litter weight gain for a sow (LWG) was then 
calculated by summing the increase in weight of all piglets nursed by that sow and used as an 
indicator for the milk production potential of that sow.  
Efficiency traits: The overall efficiency during lactation was measured in four ways: 
(a) Sow lactation efficiency (SLE): SLE was defined by Bergsma et al. (2008) as the ratio of 
EOP to EIP and is expressed as a percentage.  
SLE (%) = (EOP/EIP) * 100 
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(b) The net energy balance of the sow at the end of lactation (NEB): NEB is a trait expressed on 
a per day basis and was defined as the difference between the energy retained by the sow at 
weaning and the energy retained at farrowing (Young et al., 2014). The energy retained was 
calculated from the estimated fat mass and protein mass in the body, which in turn was 
estimated from the back fat and body weight measured at the time of farrowing and weaning 
(Bergsma et al., 2008; Young et al., 2014): 
NEB (MJ ME/day) = (Energy retained by sow at weaning – Energy retained by sow at 
farrowing) / lactation length 
(c) Sow residual feed intake: Gilbert et al. (2012) defined a trait called sow residual feed intake 
(RFI) as the difference between the observed daily feed intake and the predicted daily feed 
intake required for the milk production and maintenance of a sow during lactation. The 
maintenance requirement was calculated from the sow’s metabolic body weight (BW) as 
((BW at farrowing + BW at weaning)/2)
0.75
, as in Noblet et al. (1990). Gilbert et al. (2012) 
predicted the daily feed requirement by multiple regression of TFI on change in body weight, 
change in back fat, LWG, litter size at weaning, and metabolic body weight. In the current 
study, slight changes were made in the multiple regression equation used to predict the 
required feed to account for all possible production requirements of that sow; the prediction 
of daily feed intake was calculated by the multiple regression of TFI on BWL, BFL, LDL, 
LWG, NEB, sow metabolic mid weight, lactation length, fixed class effects of year and 
season of farrowing, and piglet load. Piglet load is a term used to account for the number of 
piglets nursed by the sow and was calculated separately for each sow by adding up the 
number of piglets suckled per day for the entire lactation period (Chapter 2) 
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Table 4.2: Traits studied, abbreviations and measurement units 
Trait category Trait 
Trait 
abbreviat
ion 
Units of 
measurement 
Pre farrow Body weight at farrowing BWF kg 
 Back fat at farrowing BFF mm 
 Loin depth at farrowing LDF mm 
Energy input Body weight loss BWL kg 
 Back fat loss BFL mm 
 Loin depth loss LDL mm 
 Total feed intake TFI kg 
 Energy input EIP MJ ME/day 
Energy output Litter weight gain LWG kg 
 Energy output EOP MJ ME/day 
Efficiency Sow lactation efficiency SLE Percentage 
 Residual feed intake RFI kg 
 Net Energy balance NEB MJ ME/day 
kg – kilogram; MJ ME/ day – Mega joule of metabolizable energy per day; 
mm – millimeter 
 
 
DNA isolation and Genotyping 
The extraction of DNA and its genotyping were done by Delta Genomics, University of 
Alberta, Canada, using the Illumina (San Diego, Ca, USA) PorcineSNP60 Bead Chip (Ramos et 
al., 2009). A total of 61,565 SNPS were genotyped for each sow and after removing 
monomorphic SNPs across both breeds, 52,774 SNPs were included in the final analysis.  
Descriptive statistics  
Least square means by parity (1, 2 and 3) and overall means for all 14 traits included in 
this study were estimated using the GLM procedure of SAS
®
 software, Version 9.2 (SAS 
Institute Inc., Cary, NC, USA). For all traits, fixed effects included were parity (3 levels) and 
year-week of weaning (122 levels). Traits BWL, BFL, LDL, TFI, EIP, LWG, EOP, SLE and 
NEB depend on measurements recorded on sows or piglets during lactation or at weaning. For 
these traits, to account for non-genetic variation associated with lactation, additional covariates 
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such as lactation length, average birth weight of weaned piglets, five groups of starting weight of 
piglets (numbers of piglets belonging to each group were included as a covariates to account for 
differences in the growth potential of fostered piglets), sow body weight, back fat and loin depth 
measured at farrowing, proportion of male piglets in the litter, and piglet load (an index to 
account for the total number of piglets nursed by the sow during that lactation) (chapter 2) were 
included as covariates. A detailed explanation of the models and traits is in chapter 2.  
Genome wide association study 
Genome wide association analyzes were conducted using Bayesian multiple regression 
methods. Each trait was analyzed separately with allele substitution effects of all SNPs fitted 
simultaneously as random effects in the model. Bayesian multiple regression method Bayes C 
(Habier et al., 2011) was used to estimate the proportion of SNPs with zero effects () and the 
proportion of variance explained by the markers, which were then used as the input parameters 
for the Bayes B (Meuwissen et al., 2001) model to estimate marker effects. These two models 
differ in the assumption of the prior distribution of parameters. The Bayes C model assumes a 
common variance for the allele substitution effects of all SNPs included in the model and the 
probability that a SNP has no effect () is unknown with a uniform (0,1) prior distribution 
(Habier et al., 2011), whereas Bayes B model assumes that a specified proportion  of SNPs 
have zero effect and that each SNP with non-zero effect has a locus-specific effect variance, 
which makes this method more dependent on the prior distribution (Meuwissen et al., 2001). 
Using simulated data Sun et al. (2011) has shown that Bayes B maps QTL more precisely than 
Bayes C.  
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Within each breed for each trait analyzed, GWAS was conducted separately for parity 1 
and 2 measurements. Due to lack of sufficient records, a separate GWAS was not conducted for 
3
rd
 parity sows.  
The statistical model used for analysis was: 
 
𝑦 = 𝑋𝑏 + ∑ 𝑧𝑖𝛼𝑖𝛿𝑖 + 𝑒
𝑘=52,774
𝑖=1
 
 
Where 𝒚 is a vector of phenotypes; 𝑿 is an incidence matrix of fixed effects 𝒃; 𝑘 is the 
total number of SNPs; 𝒛𝒊 is a vector of genotypes of the fitted SNPi, coded as -10/0/10 for the 
three genotypes; 𝛼𝑖  is the random allele substitution effect of the fitted SNPi; 𝛿𝑖  is a random 0/1 
variable indicating the absence/presence of SNPi in the model within a given iteration of the 
Markov-Chain Monte Carlo (MCMC) chain. The probability that a SNP is included in the model 
with non-zero effect is indicated by 1- , where  is the apriori probability of a zero effect, as 
explained by Habier et al. (2011), and 𝑒 is a vector of random residual effects assumed to be 
normally distributed. The fixed effects included were same as those used for the estimation of 
LSmeans described above, except for parity. 
All GWAS analyzes were conducted using GenSel software version 4.4 (Fernando and 
Garrick, 2009). For each trait and parity, a total of 100,000 iterations of the Markov chain were 
run, of which the first 10,000 were discarded as burn-in, and results from the remaining iterations 
were accumulated to obtain the posterior mean of each SNP effect. The proportion of post burn-
in iterations in which a particular SNP was included in the model can be used as evidence for an 
association between SNP and QTL. In high density SNP genotyping, multiple SNPs may be in 
linkage disequilibrium (LD) with each other and the effect of a single QTL may be spread over 
multiple markers, which might result in under estimation of the effects of individual SNPs (Fan 
136 
 
et al., 2011). To overcome this, GenSel utilizes a window approach, which accumulates the 
effect of adjacent SNPs, as explained by Wolc et al. (2012), and this method was used here. 
Based on Sus scrofa genome build 10.2 (Pig genome assembly version 10.2; NCBI Genebank ID 
GCA_000003025.4), the genome was divided into 2585 consecutive non overlapping 1 Mb 
windows on the autosomes and the sex chromosome. GenSel provides estimates of the genetic 
variance explained by these 1 Mb windows across the genome (Wolc et al., 2012). The marker 
based heritabilities were estimated from the posterior means of the proportion of genetic variance 
associated with all markers across the genome, and their standard errors were calculated as the 
standard deviations across the iteration of the chain from BayesB method.  
Gene search and functional annotation with two stage selection of windows 
The 1 Mb windows that explained the highest genetic variance were considered to have 
the strongest signal of being associated with the trait. As the genome was divided into 2584 one 
Mb windows, under a polygenic model each window was expected to explain at least 0.038% 
(=
1
2584
× 100) of the variance and this value was used as a threshold to identify regions that 
explained more variance than expected (Schurink et al., 2012; Wolc et al., 2012).  
In the first stage of selection (of 1 Mb windows), from among the windows that explained 
more than the threshold percentage of variance of 0.038%, 10 windows that explained the 
highest percentage of variance for each trait, parity and breed were selected for further 
investigation and plotting. For each breed, for the 13 traits and two parities, 260 windows were 
selected (13 traits, 2 parities, top 10 windows). Among these 260 windows selected in each 
breed, 190 were unique for Landrace sows and 195 were unique for Yorkshire sows as some 
windows were associated with more than one trait. The posterior probability of inclusion (PPI) 
for the selected windows or the probability that these windows explain more variance than 
137 
 
expected under a polygenic model were calculated from the MCMC samples as proportions of 
iterations in which the window explained more variance than the expected polygenic variance of 
0.038%. 
The proportion of variance explained by these 385 (190 + 195) 1 Mb windows was then 
plotted against their chromosomal position after grouping them by breed (Yorkshire and 
Landrace), parity (parity 1 and 2) and trait categories (pre-farrow, input, output and efficiency), 
using the GGPLOT2 (Ginestet, 2011) package in R software (R Core Team, 2013).  
For a detailed candidate gene search, this list of 385 windows was trimmed down using a 
second stage selection process. As traits were grouped into four categories based on functional 
similarity, the proportion of genetic variance explained by a window was summed up within 
each of the four categories. For example, if a window explained 0.75% of genetic variance for 
BWF and 0.75% for BFF, these two genetic variances were summed to 1.5%, as both traits 
belong to pre farrow trait category, and the result was assigned to that window for that trait 
category. This process was done separately for parity 1 and 2 traits. This process helped to 
identify windows that may not have a big impact on any one trait, but might have smaller 
impacts on multiple related traits. 
Sixteen windows that explained the highest percentage of variance within a breed, parity 
and trait category combination, were selected for a detailed candidate gene search. Annotated 
genes were identified in these 1 Mb windows, along with their 1 Mb upstream, and downstream 
regions were identified based on a map view of pig genome 
(http://www.ncbi.nlm.nih.gov/projects/mapview/maps.cgi?taxid=9823 Accessed October 1, 
2014). Potential candidate genes were then identified using the Database for Annotation, 
Visualization and Integrated Discovery software (DAVID – http://david.abcc.ncifcrf.gov/ 
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accessed October 1, 2014). Previously reported QTL in these regions were obtained from 
PigQTLdb (http://www.animalgenome.org/cgi-bin/gbrowse/pig/ accessed October 1, 2014), on 
the basis of Sus scrofa genome build 10.2. 
Further analysis of the chromosome 2 region 
Based on GWAS results, a region on chromosome 2 (at 44 Mb) with 35 SNPs that 
explained a large proportion of genetic variance (43.5%) for the LWG in parity 2 Yorkshire 
sows, was further investigated in detail. GEBV for LWG for that 1 Mb window were estimated 
for parity 2 Yorkshire sows using GenSel software. To determine the most important SNP in the 
region, correlation coefficients were estimated separately between the GEBV and genotypes (0, 
1, 2; using the Illumina A/B calling nomenclature, by counting the number of B alleles) at each 
SNP present in that 1 Mb window. The SNP, which had the highest absolute value of correlation 
in parity 2 Yorkshire sows was selected as tag SNP for detailed analysis in both breeds.  
The LSmeans for each genotype of the selected SNP were estimated by fitting the SNP 
genotype (0, 1 and 2) as a fixed factor in the previously described model, using the GLM 
procedure of SAS
®
 software. These analyzes were conducted separately for parity 1, 2 and 3. In 
addition to the 13 traits described in Table 4.2, several additional traits were also analyzed to 
investigate the effects of the SNP, including body weight (BWO), back fat (BFO) and loin depth 
(LDO) at the end of performance test (four month test period; average age at the end of test is 
~144 days), sow body weight at weaning corrected for water content in the udder, as per the 
equations derived by Noblet et al. (1985) (BWW), back fat (BFW) and loin depth (LDW) at 
weaning,  total litter size at birth (LSB; includes live-born, stillborn and mummified piglets) and 
weaning (LSW; which was the number of live piglets weaned at the end of lactation. LSW of a 
sow was calculated based on all piglets nursed by a sow, regardless of whether she farrowed 
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them or not), total litter weight at birth (LWB) and weaning (LWW), average weight of a piglet 
at weaning (PWW), number of piglets fostered out (PFO) from the sow, average of age of piglets 
at the time fostering out (FOA), and pre-weaning mortality (PWM) during lactation. Traits were 
analyzed using the GLM procedure of SAS
®
 software, Version 9.2. LSmeans for the genotype 
were estimated separately for each parity by including the genotype of the most significant SNP 
(3 levels) and year and week of weaning (122 levels) as a fixed class effect for each trait in all 
parities, except for BWO, BFO and LDO. For BWO, BFO and LDO, the genotype of the SNP 
and year and week of birth of sow were included as fixed class effects. For BWW, BFW and 
LDW, additional covariates described in the descriptive statistics section were included to 
account for the non-genetic variation associated with lactation. For LWW and PWW, additional 
covariates included were lactation length, number of piglets fostered in, number of piglets 
fostered out, and the number of piglets that died during lactation. For FOA, lactation length was 
included as an additional covariate. In the above mentioned data set, not all sows measured in 
parity 2 had parity 1 information and vice versa. So to confirm the effect of this region in 
Yorkshire sows the whole analysis was repeated for 419 Yorkshire sows having both parity 1 
and 2 records. The LSmeans of these traits were plotted using the GGPLOT2 (Ginestet, 2011) 
package in R software (R Core Team, 2013). 
Results 
Descriptive statistics 
Number of observations means and standard deviations by parity for traits associated 
with sow lactation performance are in Table 4.3. The number of observations available for each 
trait varied as not all sows studied had complete information on all required parameters. 
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Table 4.3. Number of observations (n) and means (standard deviation in parenthesis) by breed  
Trait category Trait 
Yorkshire Landrace 
n Mean (SD) n Mean (SD) 
Pre farrow BWF 1758 228.3 (24.0) 1647 223.5 (23.5) 
 BFF 1759 22.4 (4.7) 1652 22.4 (4.9) 
 LDF 1759 64.0 (7.0) 1652 65.0 (6.9) 
Energy input BWL 1681 11.9 (13.6) 1580 7.3 (13.5) 
 BFL 1688 2.5 (3.9) 1590 2.4 (3.7) 
 LDL 1686 2.3 (6.9) 1590 2.6 (7.0) 
 TFI 1767 103.0 (27.0) 1657 93.8 (25.8) 
 EIP 1611 55.8 (16.4) 1503 50.6 (14.7) 
Energy output LWG 1760 46.7 (13.01) 1649 44.9 (12.6) 
 EOP 1760 34.3 (7.2) 1649 33.7 (7.0) 
Efficiency SLE 1611 67.2 (21.4) 1503 73.0 (23.2) 
 NEB 1611 -11.8 (14.1) 1516 -10.2 (13.8) 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at 
farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI 
= Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy 
output; SLE = Sow lactation efficiency; NEB = Net energy balance 
 
 
In general, Yorkshire sows were heavier at farrowing, weaned heavier litters, consumed 
more feed and lost more body tissue during lactation than Landrace sows, i.e. they had greater 
energy inputs than Landrace sows. Outputs (LWG and EOP) of Yorkshire sows were only 
slightly higher than those of Landrace sows. This resulted in slightly lower SLE for Yorkshire 
compared to Landrace sows. The negative values of NEB indicate that, on average, sows 
mobilized body resources during lactation, resulting in a negative energy balance. LSmeans by 
breed and parity of the traits are in Table 4.4. Among the pre-farrow traits, BWF increased 
through parities 1 to 3 in both breeds, whereas BFF and LDF decreased slightly in Yorkshire 
sows, but remained relatively constant in Landrace sows. Similar to body weight, TFI, LWG and 
EOP increased steadily from parity 1 to 3 in both breeds. BWL was highest for first parity sows, 
and as sows became mature (by parity 2 and 3), weight loss decreased. A similar trend was 
observed in both breeds. SLE decreased from parity 1 to 3 in Yorkshire sows, but it increased 
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slightly in Landrace sows. As the sows grew, NEB increased in both breeds, i.e. tissue 
mobilization decreased.  
 
Table 4.4. LSmeans (SE in parenthesis) by parity for Yorkshire and Landrace sows 
Trait 
Yorkshire  Landrace 
Parity 1 Parity 2 Parity 3  Parity 1 Parity 2 Parity 3 
BWF 212.3 (0.67) 240. 8 (0.82) 254.9 (1.4)  207.7 (0.67) 234.6 (0.86) 249.9 (1.3) 
BFF 22.9 (0.18) 21.7 (0.22) 21.0 (0.37)  22.5 (0.21) 22.1 (0.28) 22.3 (0.43) 
LDF 64.8 (0.25) 63.7 (0.31) 63.1 (0.52)  64.7 (0.27) 64.8 (0.35) 65.4 (0.55) 
BWL 17.7 (0.64) 6.8 (0.73) 2.8 (1.3)  13.9 (0.65) 1.9 (0.79) -5.7 (1.3) 
BFL 2.3 (0.17) 2.4 (0.19) 3.2 (0.33)  2.8 (0.19) 2.2 (0.23) 1.5 (0.37) 
LDL 3.1 (0.29) 2.1 (0.33) 2.0 (0.57)  3.8 (0.30) 2.5 (0.37)  2.3 (0.61) 
TFI 95.1 (0.80) 108.9 (0.91) 115.6 (1.6)  86.6 (0.80) 99.9 (0.98) 104.5 (1.6) 
EIP 52.7 (0.71) 56.8 (0.81) 63.1 (1.4)  49.6 (0.74) 51.0 (0.90) 49.9 (1.5) 
LWG 45.1 (0.42) 48.0 (0.48) 49.5 (0.84)  43.4 (0.34) 46.5 (0.41) 46.6 (0.68) 
EOP 33.2 (0.24) 35.1 (0.27) 36.0 (0.47)  32.6 (0.19) 34.8 (0.24) 35.2 (0.40) 
SLE 68.2 (1.0) 67.9 (1.2) 62.0 (2.0)  72.7 (1.2) 73.5 (1.5) 76.5 (2.4) 
NEB -13.6 (0.66) -10.0 (0.75) -5.4 (1.3)  -14.0 (0.72) -8.2 (0.86) -2.8 (1.4) 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body 
weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = 
Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; NEB = Net energy balance 
 
 
Genome wide association analysis 
Separate analyzes were conducted for parity 1 and 2 traits. Estimates of  obtained from 
the BayesC method ranged from 0.971 to 0.997 in Yorkshire sows and from 0.979 to 0.995 in 
Landrace sows. The average estimate of  across all traits was slightly lower in parity 1 sows 
than in parity 2 sows in both breeds. Across all traits, parities and breeds, the average estimate of 
 was 0.989, which means out of the 52,774 SNPs included in the analysis, 98.9% were 
estimated to have no effect on the trait. With a high value of π, only regions with strong 
associations with the trait are fitted in the model in any iteration of the analysis (Wolc et al., 
2012). Thus, on average around 580 SNPs were included in the model in any iteration.  
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Table 4.5. Estimates of marker based and pedigree based heritability (SE in parenthesis) 
Trait 
Yorkshire  Landrace 
Marker based estimates
1
  
Pedigree 
based 
estimates
2
  
 
Marker based estimates
1
  
Pedigree 
based 
estimates
2
  
Parity 1 Parity 2 Overall  Parity 1 Parity 2 Overall 
BWF 0.08 (0.02) 0.02 (0.01) 0.24 (0.05)  0.03 (0.01) 0.02 (0.01) 0.21 (0.05) 
BFF 0.20 (0.03) 0.09 (0.02) 0.29 (0.06)  0.28 (0.03) 0.08 (0.02) 0.38 (0.06) 
LDF 0.17 (0.03) 0.11 (0.02) 0.31 (0.05)  0.16 (0.02) 0.05 (0.01) 0.24 (0.05) 
BWL 0.08 (0.02) 0.05 (0.01) 0.25 (0.05)  0.07 (0.01) 0.05 (0.01) 0.32 (0.04) 
BFL 0.32 (0.04) 0.42 (0.05) 0.10 (0.04)  0.10 (0.02) 0.07 (0.01) 0.16 (0.04) 
LDL 0.21 (0.03) 0.27 (0.04) 0.13 (0.04)  0.05 (0.01) 0.03 (0.01) 0.12 (0.04) 
TFI 0.30 (0.06) 0.18 (0.02) 0.28 (0.05)  0.08 (0.01) 0.04 (0.01) 0.37 (0.06) 
EIP 0.09 (0.02) 0.05 (0.01) 0.01 (0.03)  0.07 (0.02) 0.06 (0.01) 0.11 (0.04) 
LWG 0.17 (0.02) 0.19 (0.04) 0.16 (0.04)  0.11 (0.02) 0.03 (0.01) 0.18 (0.05) 
EOP 0.23 (0.03) 0.37 (0.04) 0.17 (0.05)  0.25 (0.04) 0.30 (0.04) 0.17 (0.05) 
SLE 0.03 (0.01) 0.02 (0.01) 0.00 (0.00)  0.02 (0.01) 0.02 (0.01) 0.05 (0.03) 
RFI 0.09 (0.02) 0.08 (0.02) 0.26 (0.05)  0.08 (0.02) 0.06 (0.01) 0.30 (0.06) 
NEB 0.07 (0.02) 0.05 (0.02) 0.13 (0.04)  0.06 (0.01) 0.03 (0.01) 0.20 (0.05) 
1
 Standard errors calculated as the posterior standard deviation for Bayesian analyzes 
2
 Estimates obtained from chapter 2 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body 
weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = 
Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; NEB = Net energy balance; RFI = 
Residual feed intake 
 
 
Estimates of marker-based heritability using the BayesB method, and their standard 
deviations are in Table 4.5. Pedigree based estimates of heritability for the same population, 
obtained from chapter 2, are included for comparison. The pedigree based estimates were 
calculated using a single trait repeatability model using ASReml (Gilmore et al., 2009). 
For most traits and in both breeds, marker based estimates of heritabilities were lower 
than pedigree based estimates. For pre-farrow traits, parity 1 estimates of heritability were 
slightly higher than parity 2 estimates in both breeds.  Among the input traits, marker based 
estimates of heritability were lower than pedigree based estimates for BWL in both breeds, 
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whereas for BFL and LDL, marker based estimates were higher than pedigree based estimates in 
Yorkshire sows, but lower in Landrace sows. For LWG, marker based estimates were similar to 
pedigree based estimates in Yorkshire sows but lower in Landrace sows. The efficiency trait SLE 
showed extremely low heritability estimates (ranging from 0 to 0.05) in both breeds for both 
methods. Marker based estimates of heritabilities for RFI and NEB were also low (0.03 to 0.09) 
compared to pedigree based estimates (0.13 to 0.30) in both breeds.  
From among the windows that explained more than the threshold percentage of genetic 
variance (0.038%), 10 windows that explained the largest percentage of genetic variance for each 
Bayes B analysis (from 13 traits, 2 parities and 2 breeds) were selected for further investigation. 
A total of 260 1 Mb windows (13 traits and 2 parities) were selected for each breed. Among 
these windows, 385 (190 for Landrace and 195 for Yorkshire sows) were unique, as some of 
them were associated with more than one trait. Plots by breed and parity of the proportion of 
genetic variance explained by these 385 windows are in Figure 4.1 to Figure 4.8, for the four trait 
categories. Except for output traits (LWG and EOP) in parity 2 Yorkshire sows (Figure 4.5), the 
posterior probability of inclusion (PPI) of these windows were very low, and the highest PPI 
obtained for any window was only 41 %. 
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Figure 4.1.Percentage of genetic variance explained by the top 10 associated windows for pre 
farrow traits in Yorkshire sows 
 
 
Figure 4.2. Percentage of genetic variance explained by the top 10 associated windows for pre 
farrow traits in Landrace sows (X Chromosome indicated as chromosome19) 
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Figure 4.3. Percentage of genetic variance explained by the top 10 associated windows for input 
traits in Yorkshire sows 
 
Figure 4.4. Percentage of genetic variance explained by the top 10 associated windows for input 
traits in Landrace sows 
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Figure 4.5. Percentage of genetic variance explained by the top 10 associated windows for 
output traits in Yorkshire sows 
 
Figure 4.6. Percentage of genetic variance explained by the top 10 associated windows for 
output traits in Landrace sows 
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Figure 4.7. Percentage of genetic variance explained by the top 10 associated windows for 
efficiency traits in Yorkshire sows 
 
Figure 4.8. Percentage of genetic variance explained by the top 10 associated windows for 
efficiency traits in Landrace sows 
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In general, across all parities and breeds, the proportion of genetic variance explained by 
the windows identified were the lowest for traits in efficiency category, compared to the other 
three trait categories. For efficiency traits, the windows with the largest effect explained less than 
1.3% of genetic variance for Yorkshire sows and less than 0.4% for Landrace sows. Also, for all 
four trait categories, the important windows identified were different for parity 1 and 2 
phenotypes in both breeds.  
For all traits measured in both breeds, windows that explained more than the polygenic 
expectation of 0.038% of genetic variance did so in less than 90% the posterior samples of the 
MCMC chain and were therefore considered as non-significant (Wolc et al., 2012). Only one 
window, at 44 Mb on chromosome 2, exceeded this cutoff value of 90%. This window explained 
43.5 and 24.1% of the genetic variance for the output traits LWG and EOP, respectively, in 
parity 2 Yorkshire sows (Figure 4.5). This window explained 0.23% of genetic variance for the 
efficiency trait RFI and 0.19% of genetic variance for LDF in parity 2 Yorkshire sows. The PPI 
of this window was greater than 90% for LWG and EOP in parity 2 Yorkshire sows, and hence 
were declared significant for those traits. Neighboring regions of this window also showed 
varying degrees of association with different traits for parity 2 Yorkshire sows, including LWG 
(43 Mb, 5.6%; 45 MB, 0.2 % ), EOP (43Mb, 2.2%), NEB (43 Mb, 0.19%), LDF (45Mb, 0.7%), 
and RFI (42 Mb, 0.6%). This window, however, explained only a very small (less than 0.1%) 
percentage of genetic variance for LWG and EOP in parity 1 Yorkshire sows and in both parities 
in Landrace sows. Results from further analysis of this region are described later. 
Gene search and functional annotation 
From the 385 unique windows selected, 16 windows that explained the largest percentage 
of variance within a breed, parity and trait category combination were selected for detailed 
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examination of candidate genes. Details of the 16 windows are in Table 4.6. These windows 
were on chromosomes 1, 2, 3, 4, 5, 6, 7, 13, 16 and X respectively. The total percentage of 
genetic variance explained by the top window in each trait category ranged from 0.7 to 67.5% in 
Yorkshire sows and from 0.3 to 7.4% in Landrace sows. These 1 Mb windows, along with their 
neighboring regions (± 1 Mb), were searched for candidate genes and for QTL related to growth, 
feed intake, metabolism and milk production. Results are summarized in Table 4.7. 
Further analysis of chromosome 2 region 
The window on chromosome 2 that was associated with LWG and EOP in parity 2 
Yorkshire sows had 35 SNPs on the 60k SNP chip based on pig genome assembly version 10.2. 
The GEBV for LWG were estimated for parity 2 Yorkshire sows using the BayesB method of 
GenSel software, utilizing information from this 1 Mb window. The correlation coefficients were 
estimated between the GEBV (for LWG) and all marker genotypes (0, 1, and 2), separately for 
each SNP in this window. The SNP that had the highest correlation value (0.9997) was then 
selected for further analysis and will be referred to as that tag SNP. Figure 4.9 represents a scatter 
plot of the GEBV for LWG estimated using information from this 1 Mb window for parity 2 
Yorkshire sows, grouped by the genotype at the tag SNP. As per the Illumina A/B calling 
nomenclature of this SNP, the BB genotype at this can be considered as favorable and AA 
genotype as unfavorable. This pattern of demarcation of GEBV was not observed for the same 
SNP/window in landrace sows. The frequency of the favorable B allele was 0.63 in Yorkshire 
sows and 0.87 in Landrace sows. The distribution of the genotypes of this SNP by breed and 
parity among the genotyped sows is in Table 4.8. 
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Table 4.6. 1 Mb windows that explained the highest percentage of genetic variance within each 
breed, parity and trait category 
Bree
d 
Pari
ty 
Trait 
category 
Chrom
osome 
Position 
(Mb) 
Total % of 
genetic 
variance 
explained 
in each 
category 
Traits 
associ
ated 
% of 
genetic 
variance 
explained 
for each 
trait 
% of 
iterations 
with 
variance 
> 0.038% 
York
shire 
1 Pre-Farrow 2 81 3.14 BWF 3.14 31.1 
Input 4 125 1.52 LDL 1.52 19.3 
Output 4 130 1.68 EOP 1.43 36.2 
LWG 0.25 26.5 
Efficiency 6 155 1.27 NEB 1.27 17.2 
2 Pre-Farrow 2 45 0.66 LDF 0.66 33.5 
Input 5 45 4.27 TFI 4.27 31.8 
Output 2 44 67.53 EOP 24.08 94.2 
LWG 43.45 92.1 
Efficiency 7 47 1.65 RFI 1.46 17.1 
SLE 0.19 9.2 
Land
race 
1 Pre-Farrow 19 141 1.41 LDF 1.41 20.1 
Input 7 35 7.41 BFL 7.41 41.0 
Output 16 74 3.51 LWG 0.43 35.6 
EOP 3.08 29.8 
Efficiency 1 213 0.32 NEB 0.32 20.1 
2 Pre-Farrow 3 20 0.45 BFF 0.28 15.7 
LDF 0.17 18.4 
Input 2 12 0.34 BWL 0.1 25.6 
LDL 0.13 21.5 
TFI 0.11 23.2 
Output 13 14 0.33 EOP 0.33 30.0 
Efficiency 2 155 0.34 NEB 0.11 31.5 
RFI 0.12 32.9 
SLE 0.11 29.7 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body 
weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = 
Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; NEB = Net energy balance; RFI = 
Residual feed intake 
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Table 4.7. Candidate genes and previously reported QTL for traits associated with growth, feed 
intake, metabolism and milk production 
Chr
1 Position 
(Mb) 
Candidate genes Previously reported QTL 
1 213 None ADG, Feed intake, BW at weaning 
2 12 GLYAT ADG, Feed intake, BW at end of the test 
44 ABCC8, 
UEVLD, LDHA,  
MYOD1, COPB1 
BW at end of test and slaughter, ADG 
45 
81 MXD3 BW at end of test and slaughter, ADG 
155 None ADG from 3 weeks to 10 weeks 
3 20 XPO6 BW at end of test and slaughter, ADG 
4 125 None ADG from birth to 70 kg 
130 AGL ADG from birth to 70 kg, BW at slaughter 
5 45 CAPRIN2 None 
6 155 ST3GAL3 None 
7 35 CLPS ADG, BW at slaughter,  
47 CYP39A1 ADG, BW at slaughter,  
13 14 OXSM ADG, FCR, BW at weaning 
16 74 GALNT10 ADG, BW at 22 weeks 
19 141 ABCD1 None 
1  
Chr – Chromosome; ADG- average daily gain; FCR- Feed conversion; BW- body weight 
 
 
 
Table 4.8. Distribution of the genotype of the tag SNP by breed and parity 
Genotypes 
Yorkshire  Landrace 
Parity 1 Parity 2 Parity 3  Parity 1 Parity 2 Parity 3 
AA 92 65 18  11 6 1 
AB 376 231 86  145 86 270 
BB 280 188 61  492 277 104 
AA/AB/BB= genotype as per the Illumina A/B calling nomenclature 
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Figure 4.9. Scatter plot of genomic estimated breeding values from the Bayes B method for 
Litter weight gain (LWG) estimated for parity 2 Yorkshire sows using information from 
the 1 Mb window located at 44 Mb on chromosome 2 
 
To further investigate the effect of this region, the genotype of the tag SNP was fitted as a 
fixed factor in the previously described model. LSmeans by genotype were estimated separately 
for each breed and parity using the GLM procedure of SAS
®
 software version 9.2., and are 
shown in Figure 4.10 to Figure 4.13 by in marker genotype, parity and breed for the 13 traits 
(described Table 4.2). In general, this region had an effect on many traits in Yorkshire sows but 
not in Landrace sows. In Yorkshire sows, significant effects of this SNP were observed in 
parities 2 and 3 but not in parity 1. These effects will be described in further detail in the 
following. 
  Pre-farrow traits: There was no significant effect for the tag SNP on the three pre-farrow 
traits in either breed (Figure 4.10). 
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Input traits: LSmeans indicate that the tag SNP had a significant association with all 
input traits except TFI in parity 2 and 3 Yorkshire sows but not in parity 1, or in any parity in 
Landrace sows. Fitting the genotype for the tag SNP as a fixed class effect, resulted in highly 
significant P values (P < 0.001) for the effect of SNP genotype on BFL, BWL, LDL and EIP for 
parity 2 sows (Figure 4.11). A similar trend was observed for parity 3 sows for BFL, BWL and 
LDL but with lower P values (P < 0.05). EIP in parity 3 was lower in AA sows than in AB and 
BB sows, but the differences were not significant (P < 0.10).  
Output traits: This region had a significant impact (P <0.001) on both output traits 
(LWG, EOP) in parities 2 and 3, but not in parity 1 (Figure 4.12). The LSmeans were 
significantly lower for AA Yorkshire sows than for AB and BB sows. In general, we expect 
LWG to increase steadily from parity 1 to 3 as sows grow during this time. Previous studies have 
shown that milk production of sows increases steadily after parity 1, reaches maximum in parity 
2 to 4, and then decreases thereafter (Dourmad et al., 2012). In this study, LSmeans by parity 
showed a steady increase in LWG and EOP for both breeds from parity 1 to 3 (Table 4.4). The 
LSmeans by marker genotype for Yorkshire sows shows increased with parity were similar for 
AB and BB sows but different for AA sows. LSmeans for LWG in parity 1 Yorkshire sows was 
similar for AA (46.6 kg), AB (45.4 kg) and BB sows ( 46 kg), lower in parity 2 for AA (36.6 kg) 
than for AB and BB sows (49.3 kg for both). A similar trend as parity 2 was observed in parity 3. 
LSmeans for LWG in parity 3 AA (35.1 kg) sows were lower than AB (47.7 kg) and BB (48.2 
kg) sows. EOP also followed a similar trend. The results suggest that, for AA Yorkshire sows, 
milk yield was lower in parity 2 and 3 than in parity 1.   
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Figure 4.10. LSmeans by parity for sow pre-farrow traits for genotypes of the tag SNP on 
chromosome 2 for Yorkshire and Landrace sows; within parity, bars with different letters 
are significantly different at P < 0.05 
 
Figure 4.11. LSmeans by parity for sow input traits for genotypes of the tag SNP on 
chromosome 2 for Yorkshire and Landrace sows; within parity, bars with different letters 
are significantly different at P < 0.05 
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Figure 4.12. LSmeans by parity for sow output traits for genotypes of the tag SNP on 
chromosome 2 for Yorkshire and Landrace sows; within parity, bars with different letters 
are significantly different at P < 0.05 
 
 
Figure 4.13. LSmeans by parity for sow lactation efficiency traits for genotypes of the tag SNP 
on chromosome 2 for Yorkshire and Landrace sows; within parity, bars with different 
letters are significantly different at P < 0.05 
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Efficiency traits: Of the three efficiency traits studied, the tag SNP had a significant 
association with RFI and NEB in parity 2 and 3, but not with SLE. The AA Yorkshire sows had 
a positive RFI and higher NEB in parities 2 and 3 than AB and BB Yorkshire sows. These 
results, along with the LSmeans from input trait category (BWL, BFL and LDL) indicate that 
AA Yorkshire sows mobilized less body resources in parities 2 and 3 than AB and BB sows.  
To understand the effect of this region on the changes in body weight, back fat and loin 
depth of the AA sows, the analyses were further extended to the sow traits BWO, BFO, LDO, 
BWW, BFW and LDW, in order to analyze the progression of body weight, back fat and loin 
depth in these sows from off test date to weaning of parity 3, which is shown in Figure 4.14 for 
Yorkshire and Landrace sows. The average age of off test for both breeds was around 144 days. 
Results indicate that AA Yorkshire sows had a different pattern of progression of these traits 
compared to AB and BB Yorkshire sows whereas this difference between genotypes were absent 
in Landrace sows. Results for body weight of Yorkshire sows indicate that the effect of the tag 
SNP was significant (P < 0.05) at weaning in parities 2 and 3, whereas no significant effects 
were noticed for body weights from off test to farrowing in parity 2. I.e., the AA Yorkshire sows 
were heavier than AB and BB sows from parity 2 weaning onwards or, in other words, they lost 
less body weight during the second and third lactations. In Landrace sows, although AA sows 
were lighter throughout, these differences were not significant. Progression of back fat 
measurements also showed a pattern similar to body weight; the effect of the tag SNP became 
significant (P < 0.05) in Yorkshires from weaning in parity 2 onwards. Back fat measured at 
various time points indicates that AA Yorkshire sows mobilized less back fat during parity 2 and 
3 lactations, compared to AB and BB sows. In Landrace sows, back fat showed no significant 
difference between the three SNP genotypes at any time point studied. The pattern of progression 
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of loin depth in Yorkshire sows was slightly different, when compared to back fat and body 
weight. Loin depth of AA Yorkshire sows was higher than that of AB and BB sows at all time 
points, and the differences were significant (P < 0.05) at weaning in parities 2 and 3. In Landrace 
sows, there was no significant difference between the genotypes for loin depth measured at 
various time points. 
 
Figure 4.14. Progression of body weight, back fat and loin depth from off test date to 
weaning in third parity for Yorkshire and Landrace sows 
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To find out the effect of this region on milk production potential of sows, the effects of 
the tag SNP were quantified for the reproductive performance traits of sows in parities 1, 2 and 
3. Results are in Figure 4.15. In general, as observed for the sow lactation performance traits, this 
SNP had a significant effect on many reproductive traits in Yorkshire sows, but not in Landrace 
sows.  There was no significant difference between genotypes at the tag SNP for litter size and 
weight (LSB and LWB) at farrowing in all three parities in Yorkshire sows, but the differences 
were significant (P < 0.05) at weaning (LSW and LWW) for parity 2 and 3 sows. I.e., AA 
Yorkshire sows weaned lighter and smaller litters than AB and BB genotype sows in parities 2 
and 3.  Similarly the average weaning weight of a piglet of an AA Yorkshire sow (4.8 and 4.2 kg 
in parities 2 and 3) was less than that of AB (6.0 and 6.1 kg in parities 2 and 3) and BB (6.2 kg in 
parities 2 and 3) sows in parities 2 and 3. These results indicate that piglets of AA Yorkshire 
sows grew slower in parities 2 and 3 when compared to piglets of AB and BB sows. The reason 
for lower litter size at weaning of AA Yorkshire sows in parities 2 and 3 were investigated by 
analyzing the fostering and pre-weaning mortality in these sows. LSmeans for number of piglets 
fostered out (PFO) showed that around one piglet more was fostered out from AA Yorkshire 
sows in parities 2 and 3 (2.7 and 2.6 in parities 2 and 3) when compared to AB (1.8 and 2.1 in 
parities 2 and 3) and BB (1.7 and 2.0 in parities 2 and 3) sows. There was no significant 
difference between the three genotypes for PFO in parity 1. The time of fostering out was also 
significantly different (P < 0.05) for these three genotypes in parities 2 and 3, but not in parity 1. 
For AB and BB Yorkshire sows, on average piglets were fostered out at around day 5 in parities 
2 and 3, but for AA sows they were fostered out on day 6.4 in parity 2 and on day 7.1 in parity 3. 
In parity 1, the average age of fostering was around 5 for all three genotypes. Pre-weaning piglet 
mortality for AA sows was slightly higher in parities 2 and 3 than for AB and BB sows, but 
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differences were not significant (P < 0.24 in parity 2 and P < 0.60 in parity 3). The difference in 
mortality was around half a pig for AA versus AB and BB genotypes in parities 2 and 3. This 
increased pre-weaning mortality and PFO might be the reasons for the lower LSW of AA sows 
in parities 2 and 3. This, along with a lower average piglet body weight at weaning (PWW) for 
AA Yorkshire sows in parities 2 and 3, indicates that AA Yorkshire sows produced less milk in 
parities 2 and 3.  
 
 
Figure 4.15. LSmeans by parity for sow reproduction traits for genotypes of the tag SNP on 
chromosome 2 in Yorkshire and Landrace sows 
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Discussion 
The objective of this study was to identify genomic regions associated with sow lactation 
performance, and to quantify the effect of these regions in a commercial herd of Yorkshire and 
Landrace sows. GWAS were conducted using Bayesian multiple regression models to identify 
genomic associations with the 13 traits related to lactation. Traits were grouped into four 
categories: pre farrowing traits, energy input traits, energy output traits, and efficiency traits. 
Previous studies have suggested that for reproductive traits in pigs, parity 1 records should be 
considered as a separate trait from parity 2 and higher records.  These studies have shown that 
the genetic correlation between the parity 1 and higher traits were not very high, indicating that 
they might be genetically different (Roehe and Kennedy, 1995; Hanenberg et al., 2001; Oh et al., 
2006; Imboonta et al., 2007). In this study, we conducted separate GWAS for parity 1 and 2 
records, to identify genomic regions associated with sow lactation performance in these breeds. 
A detailed discussion of the characteristics of sows utilized in this study and the heritability 
estimates of the traits are in chapter 2.  
Genome wide association studies 
With the development of high density genotyping technologies to genotype individuals 
for many thousands of SNP markers, GWAS has increasingly been used to identify genomic 
regions associated with quantitative traits in many livestock species. GWAS conducts a genome 
wide search for molecular markers or chromosomal segments that have an association with a trait 
of interest (Garrick and Fernando, 2013). The assumption in a GWAS is that significant SNPs or 
regions are in linkage disequilibrium with a QTL, or a causative mutation affecting the trait 
(Goddard and Hayes, 2009). In this study, we used Bayesian variable selection methods that 
were developed for genomic prediction by Meuwissen et al. (2001), wherein multiple markers 
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are fitted simultaneously, to estimate the effect of markers or genomic regions on the trait. These 
methods fit all markers simultaneously as random effects and are able to account for most of the 
genetic variation in the population (Fernando and Garrick, 2013). SNP effects estimated by 
simultaneously fitting all SNP genotypes capture the partial effect of a SNP on phenotype, 
adjusted for all other SNPs in the model (Garrick and Fernando, 2013). A window approach was 
used to identify genomic regions associated with a trait. Any QTL is likely to be in LD with a 
number of markers around it, and this LD is likely to deteriorate as the distance between markers 
and QTL increases. In such situations, when fitting all markers simultaneously, the effects of a 
QTL can be distributed across markers surrounding it. The window based approach used in the 
GenSel software, accounts for the LD with a QTL that extends across SNPs (Garrick and 
Fernando, 2013). In this study, the Bayesian variable selection regression model B (Bayes B) 
was used to estimate the effect of genomic regions on a trait.  
Separate GWAS were conducted for parity 1 and 2 phenotypes.  The results show that, of 
the 16 windows selected for candidate gene search, none, were common across parities 1 and 2 
(Table 4.6). Also across all four trait categories, the important windows identified were different 
for parity 1 and 2 phenotypes (Figure 4.1 to Figure 4.8). A similar trend was observed for an 
association study of sow lactation traits in a divergently selected Yorkshire population (Chapter 
3). These results corroborate the assumption that parity 1 and 2 records should be considered as 
different traits, especially for traits associated with lactation and reproduction. Stoickov 
(personal communication) conducted GWAS on reproductive traits (total number born, total 
number weaned, litter weight at birth and weaning, etc.) in an experimental herd of divergently 
selected Yorkshire sows, and concluded that different important regions were identified for 
parity 1 and 2 traits.  
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The proportion of genetic variance explained by the selected 385 windows showed large 
variation between traits, breeds and parities (Figure 4.1 to Figure 4.8). The genetic variance 
explained by these windows ranged from 0.1 (SLE) to 7.4% (BFL) in parity 1 and from 0.1 
(NEB) to 0.3% (EOP) in parity 2 Landrace sows. In Yorkshire sows, the proportion of genetic 
variance explained by these selected windows ranged from 0.1 (EIP) to 3.1% (BWF) in parity 1 
and from 0.1 (BWL) to 43.5% (LWG) in parity 2. Except for output traits in parity 2 Yorkshire 
sows, the largest percentage of genetic variance explained by the selected windows was less than 
8% of the total genetic variance. These results suggest that, for most traits included in this study, 
genomic regions with larger effects explained only a very small percentage of total genetic 
variance and more than 90% of the genetic variance came from a large number of genes or 
regions with small effects. This pattern is in agreement with the explanation provided by various 
other authors on the genetic architecture of complex traits in animals, such as egg weight and its 
standard deviation in layer chickens (Wolc et al., 2012), insect-bite hypersensitivity in horses 
(Schurink et al., 2012), RFI in grower pigs (Onteru et al., 2013), reproductive traits in pigs 
(Onteru et al., 2012), puberty and reproductive longevity in sows (Tart et al., 2013), and height in 
humans (Yang et al., 2010). All these studies suggest that a large number of SNPs are required to 
capture a substantial proportion of the genetic variation of complex traits in animals.  
However, for output traits in parity 2 Yorkshire sows, we identified a region with very 
large effects on chromosome 2, i.e. a small region of the genome explained a large proportion of 
the genetic variance. Previous studies have also identified a similar phenomenon for some traits 
in domestic livestock species, e.g. for fat % in milk in Holstein cattle (Hayes et al., 2010), viral 
load in a porcine reproductive and respiratory syndrome challenge (Boddicker et al., 2012), and 
body weight at 42 to 46 weeks of age in layer chicken (Wolc et al., 2014). 
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Further analysis of chromosome 2 region 
As the PPI of the window at 44 Mb on SSC2 was greater than 90% for LWG in parity 2 
Yorkshire sows, it was decided to investigate this region further. The GEBV for LWG calculated 
by the BayesB method based on the 35 SNPs from this window grouped the 484 parity 2 sows 
into three distinct classes. One particular SNP genotype in that window near perfectly explained 
this clustering of the GEBV , suggesting the presence of a bi-allelic QTL in this region. The 
effects of this window estimated using BayesB method of the GenSel software were large and 
consistent across different output traits, such as litter weight gain, energy output, and litter 
weight at weaning for parity 2 Yorkshire sows. In Landrace sows, this region explained less than 
0.1% of genetic variance for any of the output traits in parities 1 or 2.  
LSmeans were estimated by breed and parity for the genotype of the most significant 
SNP (AA, AB or BB) for all traits associated with sow lactation (Table 4.2). There was a clear 
difference between animals with genotype AA and the other two genotypes (AB and BB) for 
traits associated with body resource mobilization (BWL, BFL, LDL, EIP), milk production 
(LWG, EOP) and efficiency (RFI and NEB), in parity 2 and 3 Yorkshire sows. This difference 
was not observed in Landrace sows. Studies using phenotypic records from the same herd have 
shown that genetic correlations between output traits (LWG and EOP) and body tissue 
mobilization traits (BWL, BFL and LDL) were significantly positive in both breeds (ranging 
from 0.24 to 0.57 in Yorkshires and 0.29 to 0.53 in Landrace (Chapter 2)). This indicates that 
sows with a high genetic predisposition to use body reserves during lactation, also had the ability 
to wean heavier piglets at the end of lactation. Previous studies have reported similar findings. 
Bergsma et al. (2008) reported positive (non-significant) genetic correlations of body weight 
loss, fat mass loss, and protein mass loss with LWG.  Grandinson et al. (2005) reported a 
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significant positive genetic correlation of changes in sow body weight and back fat during 
lactation with maternal genetic effects of piglet survival and growth to weaning. Valros et al. 
(2003) reported that a larger sow body weight loss during the third week of lactation was 
strongly associated (genetically) with higher piglet growth rate. The results from our study 
support these findings, i.e. AA Yorkshire sows mobilized less body resources during lactation in 
parity 2 and higher and  showed lower litter weight gain and energy output during those parities.  
The lower litter weight gain for AA Yorkshire sows in parities 2, and higher can be either 
due to nursing fewer piglets or due to lower growth rate of the piglets nursed or both. To 
understand this phenomenon further, the analyses were extended to reproductive traits such as 
litter size and weight at birth and weaning (LSB, LSW, LWB, LWW), average weaning weight 
of a piglet at weaning (PWW), number of piglets fostered out from a sow (PFO), the age at 
which piglets were fostered out (FOA), and the pre weaning mortality of piglets for the sow 
(PWM). These analyzes were done in both breeds, but the results indicated that there was no 
significant difference between genotypes in Landrace sows. Genotype at the tag SNP had an 
effect only in parity 2 and higher Yorkshire sows for some traits. Traits that were measured at the 
time of farrowing (like litter size and weight at birth) were not affected by the SNP genotype, i.e. 
sows had the same LSB and LWB irrespective of genotype at the tag SNP in all three parities. 
But in parity 2 and higher Yorkshire sows, as the lactation progressed, the effects of this SNP 
became more evident. AA sows weaned around 1.5 fewer piglets than AB and BB sows in parity 
2, and the difference was around 1.8 piglets in parity 3. Similarly, the difference in litter weight 
at weaning was around 12 kg in parity 2 and 17 kg in parity 3, i.e. AA Yorkshire sows weaned 
smaller litters with a lower total weight in parities 2 and 3.  
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The average weight of a piglet at weaning was used to understand and analyze the growth 
rate of piglets during lactation. Compared to AB and BB sows, the average weaning weight of a 
piglet from AA sows was lower by around 1.2 kg in parity 2 and by 1.9 kg in parity 3, i.e. AA 
Yorkshire sows in parity 2 and 3 weaned smaller piglets. These results support our hypothesis 
that AA sows produce less milk due to lower tissue mobilization.  
The reason for lower litter size at weaning for AA Yorkshire sows was investigated by 
analyzing the fostering details and pre weaning mortalities in these sows. The number of piglets 
fostered out was higher for AA sows compared to AB and BB sows. On average, AA Yorkshire 
sows fostered out 1 piglet more than AB and BB sows in parities 2 and 3.  Analyzing the age of 
fostering revealed that for all sows (AA, AB and BB) in parity 1 and for AB and BB sows in 
parity 2 and 3, the average age of fostering was around 5 days. But for AA Yorkshire sows in 
parities 2 and 3, the average age of fostering was around 6 days in parity 2 and 7 days in parity 3. 
In other words, on average, the fostering out was done around one day later in AA sows in parity 
2 and 2 days later in parity 3, compared to AB and BB Yorkshire sows. This pattern suggests that 
at around 6 to 10 days of age, when the piglets grow and milk demand increases, AA Yorkshire 
sows can’t cope with that requirement, which might result in visually obvious decreased growth 
rate in nursing piglets. The caretaker at that time might be observing this poor growth rate and 
foster off few piglets from these litters. The number of piglets fostered into the litter was not 
significantly different between SNP genotypes in parities 1 and 2 but slight differences were 
noticed in parity 3 sows; fewer piglets were fostered onto AA sows in parity 3, compared to AB 
and BB sows. This increased outward fostering, along with a slight (non-significant) increase in 
pre-weaning mortality in AA sows, might be the reason for decreased litter size at weaning.  
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Overall, there was a clear difference between sows with genotype AA versus those with 
genotypes AB or BB for many traits in parity 2 and higher in Yorkshire sows. AA Yorkshire 
sows in parities 2 and 3 showed lower body resource mobilization during lactation and a lower 
litter weight at weaning, but no difference in feed intake. This lower litter weight at weaning was 
due to fewer piglets weaned and smaller size of piglets at the time of weaning. As there is a 
strong positive genetic correlation between body resource mobilization and milk output in pigs, 
the lower growth rate of piglets in AA sows might be due to low milk production in these sows. 
This low milk yield might have prompted more outward fostering in these sows, as well as 
slightly higher mortality, resulting in lower litter size at weaning.   
The effects of this region were further confirmed by repeating the analysis on Yorkshire 
sows having both parity 1 and 2 observations (419 Yorkshire sows). The results are in 
Supplementary figure 4.2 and Supplementary figure 4.3. The patterns observed were very similar 
to the results obtained from the whole data set. 
In Yorkshire sows, where this region had an effect on many traits associated with 
lactation, the efficiency trait SLE remained unaffected. SLE is calculated by dividing output by 
input. In AA Yorkshire sows in parities 2 and 3, this region had a negative effect on both input 
(body reserve mobilization traits) and output traits, i.e. AA sows had lower input and lower 
output, and hence SLE remained unaffected. Two other efficiency traits, RFI and NEB, were 
affected by this region. As both these traits measure the ability of the sow to mobilize body 
reserves, AA sows, which mobilized fewer body resources, had a higher RFI and NEB compared 
to AB and BB sows.   
The effect of this region was not observed in Landrace sows. In Landrace sows, the 
frequency of the A allele was very low (0.13) when compared to Yorkshire sows (0.37), and this 
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resulted in an extremely small number of AA genotyped sows (11 in parity 1, 6 in parity 2 and 1 
in parity 3). So even if there was an effect for this genotype in Landrace sows, the power to 
detect this difference was small because of the low frequency of AA genotypes.  
Gene search and functional annotation 
The 16 1 Mb windows that explained the highest percentage of genetic variance within a 
parity for any trait category for a breed, along with their neighboring regions (± 1 Mb) were 
searched for candidate genes associated with energy utilization or nutrient metabolism. Results 
were then compared with other previous published studies of GWAS and QTL mapping for traits 
associated with feed utilization, feed efficiency and energy metabolism in pigs and other 
mammalian species. Previously identified QTL for growth and feed efficiency related traits in 
pigs were obtained from PigQTLdb. The 16 genomic regions identified were on chromosomes 1, 
2, 3, 4, 5, 6, 7, 13, 16 and X. 
Candidate genes for the large QTL on chromosome 2 (44Mb): On chromosome 2, a 1 Mb 
window at 44 Mb was strongly associated with output traits in parities 2 and 3 in Yorkshire 
sows. The nearby window at 45 Mb explained the highest percentage (0.66%) of variance for the 
pre-farrow trait loin depth at farrowing in parity 2 Yorkshire sows. So a region from 43 Mb to 48 
Mb on SSC2 was searched for candidate genes. The most significant SNP for litter weight gain 
in this region was in the intronic region of the gene secretion regulating guanine nucleotide 
exchange factor (SERGEF) . Down regulation of endogenous SERGEF in HeLa cell lines, 
increased the extra cellular secretion of proteoglycans and this indicates a possible role of this 
gene in the secretory process (Sjoelinder et al., 2002). In humans, this gene is located on 
chromosome 11 and plays a critical role in two forms of hereditary deafness (Uhlmann et al., 
1999). Another SNP, around 0.5 Mb downstream was found to be in high LD with the tag SNP 
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described above. This SNP is located 47,463 base pairs upstream of the ATP binding cassette, 
subfamily C, member 8 (ABCC8) genes. The protein encoded by this gene is a member of the 
superfamily of ATP-binding cassette (ABC) transporters. ABC transporters are essential for the 
transport of multiple molecules across the extra and intra cellular membranes (Dean et al., 2001). 
In humans, this gene is associated with familial persistent hyperinsulinemic hypoglycemia of 
infants, an autosomal recessive disorder of unregulated high insulin secretion (Thomas et al., 
1995). The porcine MYOD1 (Myogenic Differentiation 1) gene, involved in regulation of the 
proliferation and differentiation of skeletal muscle cells, and the LDHA (lactate dehydrogenase 
A) and COPB1 (coatomer protein complex, subunit beta 1) genes, which are involved in energy 
metabolism and protein transport, all map to this region and are considered as candidate genes 
for muscle development, back fat thickness, marbling score, loin muscle area and average drip 
loss (Qiu et al., 2010). LDHA catalyzes the conversion of pyruvate to lactate and energy is 
released in this process. This gene also controls the formation of lactate and regulates the 
turnover of lactate in muscle cells (Qiu et al., 2010). The COPB1 gene plays a role in retrograde 
Golgi to endoplasmic reticulum transport and retrieval of dilysine tagged proteins back to the 
endoplasmic reticulum (Letourneur et al., 1994). An association analysis by Qiu et al. (2010) for 
meat quality and growth traits in an F2 cross of Berkshire and Yorkshire resulted in significant 
effects for LDHA and COPB1 genes on average daily gain, back fat thickness and loin eye area. 
Another candidate region identified is the UEVLD (UEV and Lactate/Maleate Dehydrogenase 
domains) gene, which is associated with monosaccharide metabolic process functions, as a 
negative regulator of polyubiquitination, which triggers a signal that leads to degradation of 
proteins in the proteasome (Kloor et al., 2002; Jiao et al., 2013). This region also harbors 
multiple QTL for off-test body weight and average daily gain (Malek et al., 2001), and for 
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growth and carcass traits, including average back fat thickness (Rattink et al., 2000). These 
results supports the GWAS results of our study, as AA Yorkshire sows were found to mobilize 
fewer body resources during parity 2 and 3 lactation.  
Candidate genes for QTL on other regions: Three other windows on chromosome 2, 
located at 12, 81 and 155 Mb, were also selected for a candidate gene search, as they explained 
the highest percentage of genetic variance in a trait category. The window at 81 Mb explained 
3.1% of genetic variance for sow body weight at farrowing in parity 1 Yorkshire sows. The 
candidate gene identified was the MXD3 (Max dimerization protein 3) gene, which encodes for 
a member of the Myc superfamily of basic helix-loop-helix leucine zipper transcriptional 
regulators, which control cell proliferation (http://www.ncbi.nlm.nih.gov/gene/83463 accessed 
October 1, 2014). Sustained overexpression of MXD3 in human cell lines resulted in decreased 
cell numbers due to increased apoptosis and cell cycle arrest (Barisone et al., 2012). A QTL 
search using PigQTLdb revealed previously identified QTL in this region for body weight at the 
end of performance test and average daily gain (Guo et al., 2008; Rueckert and Bennewitz, 
2010).  
The window at 155 Mb on chromosome 2 explained 1.3% of genetic variance for the 
efficiency trait net energy balance in parity 1 Yorkshire sows. There were no annotated genes in 
this region with a functional association with energy metabolism. Annotated genes in this region 
were mainly associated with the central nervous system that modulates neurotransmitters or cell 
surface receptor linked signal transduction. But studies in growing pigs have shown that is a 
QTL in this region responsible for average daily gain from 3 to 10 weeks of age (Bidanel et al., 
2001).  
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A 1 Mb window at 12 Mb explained cumulatively 0.34% of genetic variance for three 
traits belonging to input category in parity 2 Landrace sows. The traits were total feed intake, 
body weight loss and loin depth loss during lactation. The percentage of genetic variance 
explained for each trait was low. The candidate gene identified was the GLYAT (glycine-N-
acetyle transferase) gene, which produces a protein that conjugates glycine with acyl-CoA 
substrates in mitochondria and is essential for glucose and energy metabolism 
(http://www.ncbi.nlm.nih.gov/gene/10249 accessed October 1, 2014). A GWAS on human bone 
and muscle phenotypes such as bone size and body lean mass identified the GLYAT gene 
involved in its co-regulation (Guo et al., 2013). A search in PigQTLdb revealed QTL for average 
daily gain (Lee et al., 2003), body weight at end of test (Guo et al., 2008) and feed intake 
(Houston et al., 2005) in this region.  
On chromosome 3, the window at 20 Mb explained a cumulative genetic variance of 
0.45% for the pre-farrow traits back fat and loin depth at the time of farrowing in parity 2 
Landrace sows. The candidate gene identified in this region was the XPO6 (exportin 6) gene. 
The protein encoded by this gene is a member of importin-beta family, which mediates the 
transport of molecules across the nuclear envelope (http://www.ncbi.nlm.nih.gov/gene/23214 
accessed October 1, 2014). This gene was also identified as a candidate gene for equine 
metabolic syndrome, which results in persistent hyperinsulinemia in horses 
(http://hdl.handle.net/1813/29264 accessed October 1, 2014). A QTL search using PigQTLdb 
revealed previously identified QTL in this region for average daily gain (Beeckmann et al., 2003) 
and body weight at the end of performance test (Guo et al., 2008) and at the time of slaughter 
(Beeckmann et al., 2003).  
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Two windows on chromosome 4 (at 125 Mb and 130Mb) were selected for a candidate 
gene search, as they explained the highest percentage of genetic variance in a trait category. The 
window at 130 Mb explained 1.7% of genetic variance for the output traits litter weight gain and 
total energy output. The candidate gene identified was AGL (amino-alpha-1, 6-glucosidae, 4-
alpha-glucanotransferase), which codes for a glycogen debranching enzyme. This  
multifunctional enzyme acts in glycogen degradation, and genetic deficiency of AGL activity 
causes glycogen storage disease type III (GSDIII) in humans (Bao et al., 1996). GSDIII is an 
autosomal recessive disorder characterized by excessive accumulation of abnormal glycogen in 
the liver and/or muscles, and is caused by deficiency AGL enzyme (Endo et al., 2006). In pigs, it 
has been reported that this gene has a significant statistical association with growth and carcass 
traits in Landrace x Jejeu black pigs (Korean local pig breed). Pigs with the S allele at AGL were 
found to have higher body weight, faster growth and thicker back fat than pigs with the LL 
alleles, indicating the S allele is more efficient in glycogen metabolism (Han et al., 2010). As 
milk yield is strongly correlated (genetically) with body resource mobilization during lactation, 
this gene might have a role in regulating milk production of sow through its control of glycogen 
metabolism and back fat. Results from PigQTLdb showed that QTL for average daily gain and 
body weight at time of slaughter (Beeckmann et al., 2003) spanned this region. 
A 1 Mb window at 45 Mb on chromosome 5 explained 4.3% of genetic variation for sow 
feed intake during lactation in parity 2 Yorkshire sows. The candidate gene identified in this 
region is CAPRIN2 (caprin family member 2), a gene associated with cellular proliferation. This 
gene encodes proteins that are involved in transitioning of erythroblasts from a highly 
proliferative state to a terminal phase of differentiation. High level expression of the encoded 
protein can lead to apoptosis (http://www.ncbi.nlm.nih.gov/gene/65981 assessed October 1, 
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2014). This is a family of highly conserved proteins and its levels, except in the brain, are tightly 
correlated with cellular proliferation. Suppression of expression of human Caprin-1 resulted in 
slowing of the proliferation rate, due to prolongation of the G1 phase of the cell cycle (Wang et 
al., 2005). No QTL associated with growth or feed efficiency were reported in QTLdb in this 
region. 
A window at 155 Mb on chromosome 6 explained 1.3% of genetic variation for the 
efficiency trait net energy balance in Yorkshire sows in parity 2. The suggested candidate gene in 
this region is ST3GAL3 gene, which encodes beta-galactoside-alpha-2, 3-sialyltransferase-III, a 
Golgi resident membrane protein that forms the sialyl Lewis epitope on glyocoproteins. These 
glycoproteins form the glycocalyx (glycoprotein-polysaccharide covering that surrounds the cell 
membranes), which is composed of sialic acids and act as key determinants of multiple cellular 
recognition processes. Mutations of this gene can cause endoplasmic reticulum retention of 
Golgi enzymes, which impair the functionality of the cells (Hu et al., 2011). This function may 
explain its association with energy balance, which indirectly measure body resource 
mobilization. As per the information available in PigQTLdb, there are no reported QTL in this 
region. 
Two regions on chromosome 7,a window at 35 Mb explained 7.5% of genetic variance 
for the input trait back fat loss in parity 1 Landrace sows and a window at 47 Mb explained 1.7% 
of genetic variance for residual feed intake in Yorkshire sows.  The Calipase gene (CLPS) is the 
candidate gene identified near 35 Mb and cytochrome P450, family 39, subfamily A, polypeptide 
1 gene (CYP39A1) the candidate gene near 47 Mb. The protein encoded by CLPS gene is an 
essential cofactor needed by pancreatic triglyceride lipase for efficient dietary lipid hydrolysis. It 
binds to the C-terminal, non-catalytic domain of lipase, thereby stabilizing an active 
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conformation and considerably increasing the overall hydrophobic binding site (Lindner et al., 
2005). A previous study by Jankoviak (2007), using 110 cross bred fatteners, have shown that 
the CLPS gene has a significant effect on fat content of carcasses. The results from the current 
GWAS support this finding. The CYP39A1 gene encodes a member of the cytochrome P450 
superfamily of enzymes. These proteins are monooxygenases that catalyzes reactions involved in 
the synthesis of cholesterol, steroids and other lipids. This endoplasmic reticulum protein is also 
involved in the conversion of cholesterol to bile acids (http://www.ncbi.nlm.nih.gov/gene/51302 
assessed October 1, 2014). Earlier studies using microsatellite markers were able map QTL 
associated with back fat to this region on chromosome 7 (Rothschild et al., 1995; Yue et al., 
2003). Results from PigQTLdb showed that QTL for average daily gain (Sanchez et al., 2006) 
and body weight at slaughter spanned this region (Liu et al., 2008). 
On chromosome 13, the window at 14 Mb explained 0.33% of genetic variance for the 
output trait energy output in parity 2 Landrace sows. The candidate gene identified is the OXSM 
(3-oxoacyl-ACP synthase, mitochondrial) gene, which encodes a beta-ketoacyl synthetase 
enzyme, which is required for the elongation of fatty acid chains in the mitochondria 
(http://www.ncbi.nlm.nih.gov/gene/54995 assessed October 1, 2014). This gene was also 
identified as one of the candidate genes in a GWAS conducted in sheep for growth and meat 
production traits (Zhang et al., 2013). Similarly, in a GWAS in German Holstein bull dams, this 
gene was identified as a candidate gene for energy balance and fat/protein ratio (Tetens et al., 
2013). A search in QTLdb revealed QTL for average daily gain (Liu et al., 2007), feed 
conversion ratio (Mohrmann et al., 2006) and for body weight at weaning in this region (Chen et 
al., 2010). 
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The output traits EOP and LWG in parity 1 Landrace sows, were found to be associated 
with a 1 Mb region at 74 Mb on chromosome 16. This region explained a cumulative genetic 
variance of 3.5%. The candidate gene GALNT10 (polypeptide N-
acetylgalactosaminyltransferase 10), codes for an enzyme that catalyzes the first step in mucin-
type oligosaccharide synthesis. These protein transfers GalNAc from UDP-GalNAc to either 
serine or threonine residues of polypeptide acceptors. The protein encoded by this locus 
increases the catalytic activity toward glycosylated peptides when compared to its activity 
towards non-glycosylated peptides (http://www.ncbi.nlm.nih.gov/gene/55568  assessed October 
1, 2014). In humans, this gene has been found to be associated with childhood obesity in various 
ethnic groups (Meng et al., 2014).  
On the X chromosome, a window at 141 Mb explained 1.4% of genetic variance for loin 
depth at farrowing in parity 1 Landrace sows. As per the information available in PigQTLdb, 
there are no reported QTL for production, metabolism or meat quality traits in this region. The 
candidate gene in this region, ABCD1 (ATP-binding cassette, sub-family D (ALD), member 1), is 
a member of the ATP-binding cassette (ABC) transporters superfamily. These proteins transport 
molecules across the extra and intra cellular membranes and are involved in the catabolism of 
long chain fatty acids and mutations in this gene result in elevated levels of very long chain fatty 
acids (Kemp and Wanders, 2007).  
 
Conclusions 
 
The GWAS performed by parity on sow lactation feed intake and efficiency traits in 
Yorkshire and Landrace sows identified genomic regions associated with these and related traits. 
A region on chromosome 2 accounted for a large proportion of genetic variation for the output 
trait litter weight gain in parity 2 and 3 Yorkshire sows. Further analyzes indicated that this 
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region might be harboring QTL or genes affecting body resource mobilization during lactation 
and thereby have an impact on milk production in parity 2 and 3 sows. A similar effect for this 
region was not observed in Landrace sows. This might be due to the low allele frequency of the 
most significant SNP of this region or might be due to fixation of this allele. The absence of 
effects of this region on parity 1 traits, along with the GWAS results showing different windows 
to be associated with parity 1 and 2 traits, implies that for traits associated with lactation in pigs, 
parity 1 records should be considered as genetically different from parity 2. The 1 Mb windows 
that explained the highest percentage of genetic variation within each breed, parity and trait 
category combination were scanned for candidate genes and previously reported QTLs. The 
candidate gene search identified genes related to biological functions such as metabolism, 
proteolysis, cell proliferation, etc. The significant regions, along with their associated candidate 
genes and QTL, provide insight into the biology and genetic architecture of these traits. These 
results need further validation in other pig populations, breeds and traits, especially to assess the 
effect of the most significant region on chromosome 2 on traits related to growth, production and 
reproduction. In general, the outcome from this study can be used as prior information to develop 
genetic improvement programs that incorporate marker-based breeding values for these novel 
economic traits, which can improve the profitability of the pork production sector.  
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Supplementary figure 4.1. Schematic flow chart of the energy metabolism of sows during 
lactation (Bergsma et al., 2008; Bergsma et al., 2009) 
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Supplementary figure 4.2. LSmeans by parity for sow reproduction traits for genotypes of the 
tag SNP on chromosome 2 in Yorkshire sows having both parity 1 and 2 records 
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Supplementary figure 4.3. Progression of body weight, back fat and loin depth from off test 
date to weaning in third parity for Yorkshire and Landrace sows
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CHAPTER 5. GENOMIC PREDICTION OF TRAITS ASSOCIATED WITH 
LACTATION IN YORKSHIRE AND LANDRACE SOWS 
 
Abstract 
Genomic selection (GS) involves statistical methods to estimate the genetic merit of 
selection candidates based on high-density single nucleotide polymorphism (SNP) genotypes. 
The benefits of GS depend on the accuracies with which we can predict the genomic estimated 
breeding values (GEBV) of selection candidates based on their SNP genotypes. The objective of 
this study was to estimate the accuracies of GEBV for traits associated with lactation and 
reproduction in Yorkshire and Landrace sows, genotyped using the PorcineSNP60 Bead Chip. 
The marker effects were estimated using different Bayesian regression methods (BayesB, 
BayesC, BayesC and BayesC0) on a training data set comprised of older animals, and the 
estimates were validated on a set of younger animals with parity 1 records. The response 
variables used in the training data set were either average phenotypes corrected for fixed effects 
across parities or parity 1 phenotypes corrected for fixed effects. The training population was 
either from the same breed as the validation set, a mix of two breeds or from the breed other than 
the validation set. Accuracies of prediction were estimated as the correlation between GEBV and 
phenotypes corrected for fixed effects of the animals in the validation group, and were compared 
with accuracies estimated using traditional pedigree based BLUP methods (PBLUP). The mean 
genomic prediction accuracies across all traits ranged from 0.11 to 0.18 in Yorkshires and from 
0.12 to 0.15 in Landrace sows, using different Bayesian regression methods, whereas the 
pedigree based mean accuracies ranged from 0.07 to 0.10 in Yorkshires and from 0.13 to 0.14 in 
Landrace sows. For genomic predictions with training on the multi-breed population, the 
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accuracies increased marginally for some traits but decreased slightly for others. The average 
accuracy across all traits was 0.12 in both breeds, which was lower than the average accuracy 
with training within the same breed. For both breeds, across breed prediction yielded very low 
accuracies, 0.03 when Yorkshire sows were predicted based on estimates from Landrace and 
0.06 vice versa. The regression of corrected phenotypes on GEBV, reflecting bias when 
deviating from 1, was closer to 1 for the genomic (0.88 to 0.93) than for pedigree-based EBV 
(0.21 to 1.50). In general, traits which exhibited high pedigree based heritability had the highest 
accuracy and least bias in both breeds. Overall across both breeds, genomic predictions had 
greater accuracy than pedigree-based predictions, and among the genomic predictions, those 
based on marker effects estimated using BayesB across parities had the highest accuracy and 
least bias. The results shows that marker based selection improves accuracy of selection and 
thereby increases the selection response compared to pedigree based approaches. 
Keywords: genomic selection, genomic prediction, accuracy, sow lactation traits 
 
Introduction 
Genetic improvement involves selection of superior animals as parents of future generations. 
Traditionally, the selection of these superior animals is based on estimated breeding values (EBV) based 
on the phenotypic records of the selection candidates and/or their relatives, along with their genealogical 
information, using best linear unbiased prediction (BLUP) methods introduced by Henderson (1975). 
This traditional evaluation method has been very successful for selecting animals for ranking and 
then selecting animals for easy to measure production traits. However, these methods were not 
very successful for traits that are difficult to measure (Eggen, 2012). Many of these difficult to 
measure traits (e.g., feed efficiency, disease resistance, etc.) are of extreme economic importance in the 
livestock industry.  
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During the last two decades there has been rapid development of genomic tools, and this opened 
new opportunities to address the limitations of traditional genetic approaches. Sequencing of human 
genome followed by the sequencing of major livestock species has resulted in the discovery of millions of 
single nucleotide polymorphisms (SNP). Methods for inclusion of this molecular markers information 
into the breeding programs were demonstrated by Fernando and Grossmann (1989) and later Meuwissen 
and Goddard (1996) predicted that this can increase genetic gain. Genomic selection (GS) as a method to 
incorporate genetic markers into the breeding program, was first described by Meuwissen et al (2001), 
and is based on the principle that information from a large number of markers can be used to estimate 
breeding values, without having precise knowledge of specific genes and their locations on the 
chromosomes. Studies using simulated and real life data from various species (dairy cattle, beef cattle, 
layer chicken and sheep) have shown that utilizing marker information for GS can increase accuracies of 
EBV at a very young age, shorter generation intervals and reduce inbreeding (Schaeffer, 2006; Daetwyler 
et al., 2007; Hayes et al., 2009; Daetwyler et al., 2010; Saatchi et al., 2011; Wolc et al., 2012; Saatchi et 
al., 2013).  
However, published studies of accuracies of genomic prediction in pigs are scarce. For practical 
implementation of GS, as a first step, the accuracies of genomic selection over traditional methods have to 
be examined.  As the accuracy of genomic estimated breeding values (GEBV) estimated from large 
number of markers for within breed selection is difficult to evaluate analytically, they are validated by 
correlating predictions to the phenotypes from a target population or younger generation (Wolc et al., 
2011). GS can also be used for making genetic progress in traits that are measured later in life, and those 
which are difficult to measure (Eggen, 2012). Most of the traits associated with lactation and reproductive 
in pigs are either less heritable or appear later in life or are difficult to measure on a routine basis 
(Bergsma et al., 2008). So for these traits, GS can be an attractive alternative for traditional pedigree 
based methods. Hence, the objective of this study was to characterize accuracies of GEBV predicted 
using different statistical models, for traits associated with lactation and reproduction in Yorkshire and 
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Landrace sows. The accuracies of estimated GEBV were compared to the accuracies of EBV calculated 
using pedigree based methods.  
 
Materials and Methods 
Animals were subjected to standard production conditions, and no additional recordings 
were made and hence no approval of the Iowa State University animal care and use committee 
was required. 
Genotype and phenotype data 
Data collected from pure line Yorkshire and Landrace sows maintained at a commercial breeding 
facility in Canada were used for this study. A total of 1532 sows (Yorkshire n = 821 and Landrace n = 
711) weaned between August 2011 and January 2014 were selected for genotyping based on the 
availability of phenotypes and of tissue samples for DNA.  Most of the sows in this herd were kept for 
two farrowings, and a few were kept for a third farrowing. All sows were culled after the third farrowing. 
A detailed description of sow and litter management practices followed in this herd is in chapter 2. 
Briefly, during gestation the sows were fed 1.9 to 2.5 kg of commercial sow feed per day, containing at 
least 12.6 MJ of ME/kg (Megajoule of Metabolizable Energy / Kilogram) feed. The sows were weighed 
and scanned for back fat and loin depth at around 3-5 days before farrowing, when they were moved to 
farrowing rooms, as well as at the time of weaning. The fat depth and loin depth were measured using a 
single ultrasound scan measurement on the left side of the body, above the last four ribs and parallel to the 
backbone using an Aloka SSD-500V 
®
 (Hitachi Aloka, Tokyo, Japan) ultrasound scanning machine. The 
piglets were weighed at birth, at the time of fostering, and at death or weaning. The extraction of DNA 
and its genotyping were done by Delta Genomics
©
 (Edmonton, Canada) using Illumina (San Diego, 
CA, USA) PorcineSNP60 Bead Chip (Ramos et al., 2009). A total of 61,565 SNPS were genotyped for 
each sow. After removing SNPs that were monomorphic across both breeds, 52,774 SNPs were included 
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in the final analysis. The details of the number of records by breed and parity included in this study 
are in Table 5.1 
 
Table 5.1. Number of sows genotyped and farrowing records available by breed and parity 
Breed 
No. of sows 
genotyped 
No. of 
Farrowings 
Parity 
1 2 3 
Yorkshire 821 1397 748 484 165 
Landrace 711 1161 648 369 144 
 
In total, 17 traits collected during lactation (from the last week of gestation to the day of 
weaning) were analyzed in this study. Most traits were related to the energy partition within a 
sow during lactation, and can be broadly divided into pre farrow traits (traits measured before 
farrowing), energy input traits (energy utilized for milk production), energy output traits (energy 
in milk), and traits associated with overall energy efficiency during lactation. Apart from these, 
we also included several reproductive traits in this analysis. The traits studied, along with 
abbreviations used, and units of measurement are summarized in Table 5.2.  A detailed 
description of the traits, along with the methods and equations used in their calculation is in 
chapter 2. 
Genomic prediction 
Accuracies of genomic prediction for all traits from multiple scenarios were evaluated. 
The detailed methodology adopted for the different scenarios is described in the following. 
Training and validation sets: The marker effects were estimated based on the genotypes and 
phenotypes of animals in the training group, and the GEBV estimated based on the resulting 
marker effects were tested on a validation group. In this study we adopted three methods for 
grouping animals into training and validation sets: 1) within breed training and validation, 2) 
191 
 
training on both breeds and validating separately on each breeds, and 3) training on one breed 
and validating on the other breed. For scenarios 1 and 2, the training and validation groups were 
identified based on the year of birth, so that the training was done on older animals and the 
marker effects were validated on younger animals. The cutoff date was selected such that around 
15% of the genotyped animals belonged to the validation set.  
 
Table 5.2. Traits studied, abbreviations and measurement units 
Trait category Trait 
Trait 
abbreviation 
Units of 
measurement 
Pre farrow Body weight at farrowing BWF kg 
 Back fat at farrowing BFF mm 
 Loin depth at farrowing LDF mm 
Energy input Body weight loss BWL kg 
 Back fat loss BFL mm 
 Loin depth loss LDL mm 
 Total feed intake TFI kg 
 Energy input for milk production EIP MJ ME/day 
Energy output Litter weight gain LWG kg 
 Energy output in milk EOP MJ ME/day 
Efficiency Sow lactation efficiency SLE Percentage 
 Residual feed intake RFI kg 
 Net energy balance  NEB MJ ME/day 
Reproduction Live born piglets LBP Absolute number 
 Stillborn piglets SBP Absolute number 
 Litter size at birth LSB Absolute number 
 Litter size at weaning LSW Absolute number 
 
1) Within breed training and validation: Within a breed (either Yorkshire or Landrace) a subset 
of younger animals was allocated to the validation group. In the Yorkshire breed, all sows born 
after September 1, 2012, and in Landrace all sows born after October 1, 2012, were included in 
the validation set. Number of animals in the training and validation sets, along with the split of 
records by parity that were used in this study are in Table 5.3 
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Table 5.3. Number of sows genotyped and farrowing records by breed and parity for sows in the 
training and validation sets 
 
Training set  Validation set 
Number 
of sows 
genotyped 
Number of records  
in parity 
 Number of 
sows 
genotyped 
Number of records  
in parity 
1 2 3  1 2 3 
Yorkshire 695 622 484 165  126 126 0 0 
Landrace 597 534 369 144  114 114 0 0 
 
 
2. Multi breed training: In this scenario, for any trait, the training groups of Yorkshire and 
Landrace sows specified above were combined to produce one training set. The marker effects 
estimated based on this training set were then validated separately on Yorkshire, and Landrace 
validation sets defined for each breed. 
3. Between breed training and validation: In this setting, the training was done using data from 
one breed using all genotyped animals in that breed and the marker effects were validated on all 
animals from the other breed.  
As not all sows had complete information on all traits studied, the number of 
observations in training and validation sets differed between breed and among traits. The details 
of the number of observations in each scenario (within breed, multi breed and between breed), 
along with the means and standard deviations of traits analyzed are summarized in 
Supplementary Table 5.1 and Supplementary Table 5.3. 
Statistical analysis: Four Bayesian regression methods that fit the effects of all SNPs 
simultaneously as random effects were used to estimate the marker effects for genomic 
predictions: 1) BayesB (Meuwissen et al., 2001), which assumes the SNP effects are drawn from 
distributions with locus specific variances and fits a mixture model that assumes apriori a known 
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fraction of markers () to have 0 effects. 2) BayesC (Kizilkaya et al., 2010), which is also a 
mixture model, but assumes the effects of a prior fraction (1-) of markers with non-zero effects 
to be from a distribution with constant variance. 3) BayesC0, which is a special case of BayesC 
with  = 0, and simultaneously fits the effects of all loci with a common unknown variance and 
an unknown residual variance   (Kizilkaya et al., 2010; Garrick et al., 2014b). 4) BayesC 
(Habier et al., 2011), which is a modification of BayesC, that treats  as an unknown parameter 
with a uniform prior distribution and estimates it from the data. The value of  thus estimated 
using BayesC was used in for BayesB and BayesC. For across parity prediction, estimates of  
ranged from 0.959 to 0.998 for Yorkshire sows and from 0.969 to 0.999 for Landrace sows. For 
predictions based on parity 1 records, estimates of  using BayesC ranged from 0.973 to 0.998 
for Yorkshire sows and from 0.976 to 0.998 for Landrace sows. 
Response variables: For each trait and breed, genomic predictions were derived based on 
training on two response variables, 1) by using only parity 1 phenotypes and 2) by utilizing all 
available phenotypes from three parities (prediction using across parity information). In the 
validation set, for all scenarios except between breed training and validation scenario, the 
response variable used was parity 1 phenotypes. 
For predictions using parity 1 information, the observed phenotypes for each trait were 
used as response variables. The statistical model used for estimating the marker effects was 
𝑦𝑖 = 𝑋𝑏 + ∑ 𝑧𝑖𝑗𝑢𝑗 + 𝑒𝑖
𝑘=52,774
𝑗=1
 
Where 𝑦𝑖 is the observed parity 1 phenotype of animal 𝑖; 𝑿 is an incidence matrix of fixed 
effects 𝑏 (described later in this section); 𝑘 is the total number of SNPs used in the analysis; 𝑧𝑖𝑗 
is the allelic state (i.e. number of B alleles from the Illumina A/B calling system) at marker 𝑗 for 
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animal 𝑖; 𝑢𝑗  is the random effect of marker 𝑗, with 𝑢𝑗  > 0 (with prior probability 1 - ) or 𝑢𝑗  = 0 
(with prior probability ), as described by Habier et al. (2011) for BayesB and BayesC; and 𝑒𝑖 is 
the random residual effects assumed to be normally distributed. For all traits, week of weaning 
(122 levels) was included as a fixed class effect. For traits BWL, BFL, LDL, TFI, EIP, LWG, 
EOP, SLE and NEB, which depend on measurements recorded on sows or piglets during 
lactation or at weaning, additional covariates such as lactation length, average birth weight of 
weaned piglets, five groups of starting weight of piglets (numbers of piglets belonging to each 
group were included as a covariates to account for differences in the growth potential of fostered 
piglets), sow body weight, back fat and loin depth measured at farrowing, proportion of male 
piglets in the litter, and piglet load (A term used to account the total number of piglets nursed by 
the sow during that lactation) (chapter 2) were included in the analysis to account for the non-
genetic variation associated with lactation. A detailed explanation of models used and traits is in 
chapter 2. 
For across parity prediction, in order to account for the repeated records, each 
observation was pre-adjusted for all fixed effects and covariates and then averaged across the 
number of observations on the individual and then used as the response variable for genomic 
prediction (Serão et al., 2014). In addition to the fixed effects described above, parity was also 
included as a class effect in these pre-adjustment analyzes.  The statistical model for genomic 
prediction was modified so that the response variables used were the average pre-adjusted 
phenotypic values of n observations for each animal, and the residual components associated 
with the model were assumed to be normally distributed with mean 0 and variance 𝜎𝑒
2and 
weighted by 𝑤𝑛. As proposed by Garrick et al. (2009) and implemented by Serão et al. (2014), a 
residual weighing factor (or scaled inverse of residual variance) was used according to the 
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number of observations used for each averaged phenotype. The equation used for calculating 𝑤𝑛 
was: 
𝑤𝑛 =
1−ℎ2
𝑐ℎ2+
1+(𝑛−1)𝑡
𝑛
−ℎ2
 , 
where 𝑤𝑛 is the residual weighting factor for 𝑛 records, ℎ
2 and 𝑡  are the heritability and 
repeatability estimates obtained from pedigree based analysis using a repeatability model, and 𝑐 
is the proportion of genetic variance not accounted for by the markers. The value of 𝑐 was 
estimated for each trait using an iterative method, as explained by Serão et al. (2014). Initially 
𝑤𝑛 was calculated by setting 𝑐 to zero, i.e. assuming that the markers accounted for all genetic 
variance. The 𝑤𝑛 thus obtained was used in the Bayesian analysis to estimate the new marker 
variance and thereby a new 𝑐 and new 𝑤𝑛. This process was repeated until the new 𝑐 was within 
5% of the previous estimated 𝑐, and this 𝑐 was used to calculate the final weights 𝑤𝑛. 
All genomic predictions were conducted using GenSel software version 4.4 (Fernando 
and Garrick, 2009), which uses a Markov Chain Monte Carlo (MCMC) approach to estimate the 
effect of each marker fitted in the model. For each model, a total of 50,000 iterations of the 
Markov chain were run, of which the first 8,000 were discarded as burn-in, and results from the 
remaining iterations were used to provide the posterior mean estimates of marker effects and 
variances.  
Accuracies of genomic prediction 
The GEBV of the 𝑖th individual in the validation set was derived as the sum (over all k 
SNPs) of the allelic state 0, 1 or 2 (i.e. number of B alleles from the Illumina A/B calling system) 
of the animal at a SNP times the posterior mean of the SNP effect predicted using the training 
data set.  
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𝐺𝐸𝐵𝑉𝑖 =  ∑ 𝑧𝑖𝑗?̂?𝑗
𝑘=52,774
𝑗=1
   
Where 𝐺𝐸𝐵𝑉𝑖 is the GEBV of the 𝑖
th
 animal in the validation set, 𝑧𝑖𝑗 is the marker 
genotype of the 𝑖th animal in the validation set for the 𝑗th marker, coded as 0, 1 or 2, and ?̂?𝑗  is the 
posterior mean of the effect of the 𝑗th marker estimated from the 42,000 post burn in iterations.  
For genomic predictions using parity 1 phenotypes, the accuracy of the GEBV for the 
validation animals was evaluated by estimating the correlation between GEBV and the parity 1 
phenotypes of the validation animals corrected for fixed effects. Corrections for fixed effects of 
the animals in the validation data set were based on the estimates of fixed effects obtained using 
the whole data set (training plus validation data).  
Overall, the genomic prediction scenarios compared in the study can be summarized as follows: 
1. Within breed training and validation, using BayesB, BayesC, BayesCπ, BayesC0 and 
PBLUP methods  
a. Utilizing the information from parity 1 records 
b. Utilizing the information from all available records 
2. Training on multiple breeds and validating the marker effects on both breeds separately 
using parity 1 information with BayesB method 
3. Across breed training and validation utilizing information from all parity and all animals 
using BayesB method 
Comparison of accuracies of genomic prediction with pedigree based prediction  
To estimate the improvement in accuracy of genomic prediction over the traditional 
pedigree-based predictions, the accuracies obtained from genomic methods were compared with 
accuracies obtained from predictions using a pedigree-based single trait approach. To calculate 
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the latter, we first derived pedigree based estimated breeding values (PEBV) of sows from the 
validation data set, separately for each breed. For this purpose the same data set used for 
genomic prediction (Table 5.1), along with pedigree information up to three generations back 
were used. Sows from the validation set were retained in the dataset after masking their 
phenotypes. PEBV for all sows were estimated using ASReml (Gilmore et al., 2009) with a 
single trait repeatability animal model, using the same fixed effects as described above. The 
direct additive genetic value of the sow and the permanent environmental effect of the sow were 
included as random effects for all traits. As in genomic prediction model, the accuracy of the 
PEBV for animals in the validation set were derived as the correlation between PEBV and 
phenotypes corrected for fixed effects. 
For predictions using only parity 1 information, the PEBV of the sows in the validation 
data set were obtained in the same way as described above using the same model, except for the 
random permanent environmental effect of the sow and the fixed effect of parity. The correlation 
between PEBV thus obtained and the parity 1 phenotypes corrected for fixed effects were 
calculated to estimate the accuracy. 
Bias of EBV:  
The presence of bias in the estimated EBV was evaluated by regressing the phenotypes 
(corrected for fixed effects) of the validation animals on their genomic or pedigree based EBV 
(Wolc et al., 2011; Saatchi et al., 2013). A slope of 1 is expected for unbiased predictions. A 
deviation from 1 indicates a bias in prediction. 
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Results 
Trait heritabilities estimated separately for each breed for parity 1 records and across all 
three parities, using single trait pedigree based animal models are in Table 5.4. A total of 3424 
farrowings from 2107 sows (Yorkshire, n = 1075; Landrace n= 1032) recorded between August 
2011 and January 2014 were used for this analysis. In general, heritability estimates across parity 
were moderately high for all pre-farrow traits but low for reproductive traits in both breeds. 
Among input traits, TFI and BWL showed moderate heritability, compared to BFL, LDL and 
EIP. Among the efficiency traits, RFI and NEB were moderately heritable in both breeds, 
whereas SLE showed an extremely low heritability estimate (near zero) for Yorkshire sows, but 
a slightly higher (0.05) estimate for Landrace sows. A detailed discussion of this analysis is in 
chapter 2. Means and standard deviations of the traits for sows in the training and validation 
groups for each breed are in Supplementary Table 5.3 
1. Within breed training and validation: a. Genomic prediction using parity 1 phenotypes 
Simple correlations of GEBV (from Bayesian genomic methods) and PEBV (from pedigree-
based methods) with parity 1 phenotypes corrected for fixed effect for all traits, as measures of 
accuracy of prediction, are summarized in Table 5.5 and Table 5.6 for Yorkshire and Landrace 
sows, respectively. In Yorkshire sows (Table 5.5), the Bayesian regression methods performed 
better than PBLUP method for the majority of traits, and among the Bayesian methods, BayesB 
had the highest correlations. The average accuracies (across all traits) were 0.13, 0.11, 0.12, 0.11 
and 0.06 for methods BayesB, BayesC, BayesCπ, BayesC0 and PBLUP, respectively. Pre-farrow 
traits (BWF, BFF and LDF) and energy output traits (LWG and EOP) showed the highest 
accuracies across all methods when compared to other trait categories. Among the efficiency 
traits, RFI had the highest accuracy compared to SLE and NEB in all four Bayesian methods. For 
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SLE and EIP, which had very low heritability estimates (near to zero), the correlations estimated 
were almost zero (and sometimes negative) for all five prediction models.  
 
Table 5.4. Estimates of heritability (Parity 1 and across three parities) from single trait pedigree 
based animal model analysis; standard error in parenthesis 
Trait 
Yorkshire Landrace 
Parity 1 
Across 
parities 
Parity 1 
Across 
parities 
BWF 0.26 (0.07) 0.24 (0.05) 0.34 (0.08) 0.21 (0.05) 
BFF 0.33 (0.08) 0.29 (0.06) 0.47 (0.08) 0.38 (0.06) 
LDF 0.35 (0.08) 0.31 (0.05) 0.20 (0.07) 0.24 (0.05) 
BWL 0.34 (0.08) 0.25 (0.05) 0.41 (0.08) 0.32 (0.04) 
BFL 0.03 (0.05) 0.10 (0.04) 0.07 (0.06) 0.16 (0.04) 
LDL 0.12 (0.06) 0.13 (0.04) 0.07 (0.06) 0.12 (0.04) 
TFI 0.31 (0.08) 0.28 (0.05) 0.33 (0.08) 0.37 (0.06) 
EIP 0.00 (0.00) 0.01 (0.03) 0.00 (0.05) 0.11 (0.04) 
LWG 0.22 (0.08) 0.16 (0.04) 0.12 (0.06) 0.18 (0.05) 
EOP 0.21 (0.08) 0.17 (0.05) 0.10 (0.06) 0.17 (0.05) 
SLE 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.05 (0.03) 
NEB 0.11 (0.07) 0.13 (0.04) 0.26 (0.08) 0.23 (0.05) 
RFI 0.22 (0.08) 0.26 (0.05) 0.34 (0.08) 0.30 (0.06) 
LBP 0.06 (0.05) 0.06 (0.03) 0.21 (0.07) 0.07 (0.04) 
SBP 0.17 (0.07) 0.12 (0.04) 0.09 (0.06) 0.11 (0.04) 
LSB 0.04 (0.05) 0.11 (0.04) 0.27 (0.07) 0.17 (0.05) 
LSW 0.00 (0.05) 0.04 (0.03) 0.00 (0.00) 0.02 (0.03) 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = 
Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy 
input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; RFI = Residual 
feed intake; NEB = Net energy balance 1; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter 
size at birth; LSW = Litter size at weaning 
 
Accuracies of genomic prediction using within breed training on parity 1 phenotypes in 
Landrace sows (Table 5.6) showed a similar trend as observed in Yorkshire sows. Generally, 
BayesB performed better than other methods. The average accuracy across all traits was 0.15, 
0.13, 0.13, 0.14 and 0.13 for methods BayesB, BayesC, BayesCπ, BayesC0 and PBLUP 
respectively. Compared to Yorkshire sows, the accuracies obtained from PBLUP method were 
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close to that of Bayesian regression methods for Landrace sows. For BWF, LDF, BFL, TFI, EOP 
and RFI, the accuracy of the PBLUP method was slightly higher than accuracies obtained with 
BayesB.  
b. Genomic prediction using phenotypes from all parities. Overall in Yorkshire sows, for 
majority of traits, Bayesian methods performed better than the PBLUP method and among the 
Bayesian methods, BayesB performed better (Table 5.5). The average accuracies (across all 
traits) were 0.18, 0.13, 0.14, 0.13 and 0.10 for methods BayesB, BayesC, BayesCπ, BayesC0 and 
PBLUP respectively. Similar to scenario 1a (i.e. using only parity 1 information) pre-farrow 
traits (BWF, BFF and LDF) and energy output traits (LWG and EOP) showed the highest 
accuracies across all methods when compared to other trait categories. Among the efficiency 
traits, RFI had the highest accuracy in all four methods. For SLE and EIP, which had very low 
heritability estimates (near zero), the correlations estimated were almost zero or sometimes 
negative.  
Accuracies of genomic prediction using within breed training on all parity phenotypes in 
Landrace sows (Table 5.6) showed a similar trend as observed for Yorkshire sows. BayesB 
method performed better than other four methods. Averages across all traits were 0.15, 0.12, 
0.12, 0.12 and 0.14 for methods BayesB, BayesC, BayesCπ, BayesC0 and PBLUP respectively. 
Unlike Yorkshire sows, in Landrace sows for some traits PBLUP method performed better than 
BayesB, BayesC, BayesCπ and BayesC0 methods. For traits like BWF, LDF, BFL and RFI, the 
accuracies estimated using PBLUP method were slightly higher than accuracies obtained with 
the BayesB method. 
Generally, the accuracies of traits followed a similar trend in both breeds, but some 
reproduction traits (SBP, LSB and LSW) and two traits associated with body resource 
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mobilization (BWL and BFL) exhibited slightly different patterns in the two breeds (Table 5.5 
and Table 5.6). The accuracies for the reproduction traits (SBP, LSB and LSW) ranged from 
0.05 to 0.18 in Yorkshire sows but were almost zero in Landrace sows. On other hand, body 
resource mobilization traits (BWL and BFL) showed near zero accuracies in Yorkshire sows but 
ranged from 0.18 to 0.26 in Landrace sows.  
Comparing scenarios 1a and 1b, we can see that 1b, performed slightly better than 1a in 
Yorkshire sows, but the differences were not that obvious in Landrace sows. Methods 1a and 1b 
differ in the response variable used in training data set. Method 1b, use information from all 
available parity in training data set whereas method 1a uses only parity 1 information for 
training. 
2. Training on both breeds and validating separately in each breed 
In this scenario, the training set was created by combining training sets used for within breed 
analyzes in Yorkshire and Landrace sows. The marker effects estimated using this combined 
training set were validated separately on Yorkshire and Landrace validation sets. Parity 1 
phenotypes were used as response variables, and the analyses were conducted using BayesB 
method. Prediction accuracies were assessed based on simple correlations between GEBV and 
parity 1 phenotypes,  and ranged from -0.01 to 0.31 in Yorkshire sows (Table 5.5) and from -
0.05 to 0.32 in Landrace sows (Table 5.6).  
 Comparing the results to methods 1a and 1b, multi breed training did not improve the 
prediction accuracies when compared to within breed training. In general, the mean accuracy 
(across all traits) of multi-breed prediction was slightly less that that observed for within breed 
prediction of parity 1 phenotype using BayesB. Similar to within-breed prediction, traits that had 
the lowest heritability, had the lowest multi-breed prediction accuracy in each breed. 
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3. Across breed training and validation 
In this scenario, the training set comprised either all Yorkshire or all Landrace sows. The 
marker effects thus estimated were validated on all available animals from the other breed, i.e. if 
training was done using Yorkshire sows, the validation set comprised all Landrace sows and vice 
versa. Phenotypes corrected for fixed effects from all three parities were used as response 
variable, and BayesB method was used to estimate the marker effects.  The value of π used in 
BayesB was obtained from a BayesCπ analysis using sows from the training breed.  The 
accuracies obtained are in Table 5.5 and Table 5.6 for Yorkshire and Landrace sows, 
respectively. Compared to all other methods studied, the accuracies obtained in this scenario 
were lower for both breeds. The average accuracy was 0.03 and 0.06 for validating on Yorkshire 
and Landrace sows, respectively. 
Bias of EBV 
The bias of the GEBV estimated using BayesB for within breed prediction was evaluated 
by regressing the phenotypes corrected for fixed effects of validation animals on their GEBV. 
Similarly, the bias of PEBV was estimated by regressing phenotype corrected for fixed effects on 
PEBV obtained from PBLUP method. The regression coefficients obtained are in Table 5.7. As 
BayesB had the highest accuracies of prediction across all Bayesian methods for the majority of 
traits studied, the prediction bias was estimated only for BayesB. For some traits, the bias for 
PEBV was not estimable, as the sow pedigree-based estimates of additive genetic variance were 
almost zero.  In general, traits which exhibited high accuracy showed the least bias, i.e. 
regression coefficients were close to one, in both breeds. Compared to PEBV, GEBV had less 
bias (less deviation from 1) in both breeds. The average regression coefficient of GEBV ranged 
from 0.88 to 0.93 whereas that of PEBV ranged from 0.21 to 1.50. 
 
 
 
 
Table 5.5. Validation correlations between estimated breeding vales (genomic or pedigree based) and phenotypes corrected fixed 
effects of Yorkshire sows for different prediction methods and traits 
Prediction  
Methods  
1a. Within breed training and validation using parity 
1 information 
  
1b. Within breed training and validation all parity 
information 
  
2. Multi 
breed 
training 
  
3. Across 
breed 
training and 
validation 
Training 
Breed 
Yorkshire Yorkshires 
Yorkshire 
and 
Landrace 
Landrace 
Validation 
Breed 
Yorkshire Yorkshires Yorkshire Yorkshire 
Training 
response 
variable 
Parity 1 information All parity information 
Parity 1 
information 
All parity 
information 
Validation 
response 
variable 
Parity 1 information Parity 1 information 
Parity 1 
information 
All parity 
information 
Model 
used 
BayesB BayesC BayesCπ BayesC0 PBLUP BayesB BayesC BayesCπ BayesC0 PBLUP BayesB BayesB 
BWF 0.24 0.11 0.19 0.14 0.12 0.26 0.18 0.23 0.16 0.19 0.11 0.002 
BFF 0.29 0.25 0.22 0.23 0.15 0.38 0.32 0.32 0.31 0.2 0.31 -0.04 
LDF 0.32 0.27 0.26 0.28 0.11 0.28 0.13 0.13 0.12 0.22 0.29 0.08 
BWL 0.18 0.14 0.16 0.13 0.14 0.09 0.06 0.07 0.09 0.13 0.21 0.1 
BFL 0.01 0.02 0.06 0.03 0.01 0.05 0.04 0.04 0.05 -0.01 -0.01 0.1 
LDL 0.22 0.2 0.26 0.15 0.09 0.17 0.16 0.17 0.15 0.11 0.25 -0.04 
2
0
3
 
 
 
Table 5.5 continued 
TFI 0.3 0.22 0.18 0.25 0.26 
 
0.21 0.06 0.1 0.06 0.22 
 
0.24 
 
0.11 
EIP -0.06 -0.05 -0.05 -0.03 -0.09 
 
-0.02 0.03 0.04 0.03 -0.05 
 
-0.01 
 
-0.01 
LWG 0.26 0.27 0.28 0.25 0.11 0.38 0.27 0.28 0.29 0.26 0.25 -0.05 
EOP 0.15 0.22 0.25 0.2 0.14 0.39 0.38 0.4 0.4 0.28 0.12 -0.04 
SLE -0.05 -0.05 -0.02 -0.02 -0.05 -0.04 -0.05 -0.02 -0.05 -0.03 0.01 0.01 
NEB 0.05 -0.05 0.02 0.04 -0.03 0.07 -0.01 0.01 0.01 0.01 0.08 0.08 
RFI 0.18 0.15 0.19 0.19 0.15 0.19 0.07 0.11 0.08 0.16 0.16 0.05 
LBP -0.05 -0.06 -0.03 -0.05 -0.06 0.08 0.06 0.05 0.05 -0.04 -0.04 0.01 
SBP 0.06 -0.01 -0.01 -0.02 -0.07 0.15 0.16 0.16 0.15 0.03 -0.03 0.04 
LSB 0.01 0.04 0.04 -0.04 -0.06 0.18 0.15 0.16 0.16 0.04 0.06 0.06 
LSW 0.14 0.17 0.09 0.16 0.19 0.18 0.14 0.18 0.18 0.05 0.12 0.04 
Mean 
accuracy 
0.13 0.11 0.12 0.11 0.07 0.18 0.13 0.14 0.13 0.1 0.12 0.03 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = Loin 
depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; RFI = Residual feed 
intake; NEB = Net energy balance 1; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW = Litter size at weaning 
 
 
 
 
 
2
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Table 5.6. Validation correlations between estimated breeding vales (genomic or pedigree based) and phenotypes corrected fixed 
effects of Landrace sows for different prediction methods and traits 
Prediction  
Methods  
1a. Within breed training and validation using parity 1 
information 
  
1b. Within breed training and validation all parity 
information 
  
2. Multi 
breed 
training 
  
3. Across 
breed 
training and 
validation 
Training 
Breed 
Landrace Landrace 
Yorkshire 
and 
Landrace 
Yorkshire 
Validation 
Breed 
Landrace Landrace Landrace Landrace 
Response 
variable - 
Training 
Parity 1 information All parity information 
Parity 1 
information 
All parity 
information 
Response 
variable - 
Validation 
Parity 1 information Parity 1 information 
Parity 1 
information 
All parity 
information 
Model 
used 
BayesB BayesC BayesCπ BayesC0 PBLUP BayesB BayesC BayesCπ BayesC0 PBLUP BayesB BayesB 
BWF 0.11 0.07 0.12 0.11 0.17 0.12 0.06 0.12 0.14 0.12 0.09 0.003 
BFF 0.18 0.12 0.13 0.13 0.04 0.17 0.06 0.06 0.06 0.15 0.21 0.11 
LDF 0.06 0.03 0.05 0.03 0.08 0.27 0.22 0.21 0.23 0.26 0.08 0.11 
BWL 0.27 0.31 0.32 0.32 0.19 0.22 0.23 0.23 0.23 0.18 0.32 0.15 
BFL 0.22 0.2 0.19 0.27 0.27 0.17 0.14 0.15 0.14 0.19 0.24 0.05 
LDL 0.21 0.14 0.15 0.15 0.15 0.21 0.17 0.18 0.17 0.15 0.18 -0.03 
2
0
5
 
 
 
Table 5.5 continued 
TFI 0.14 0.21 0.15 0.17 0.24 
 
0.31 0.29 0.28 0.25 0.31 
 
0.17 
 
0.1 
EIP 0.01 0.03 0.05 0.05 0.06 
 
0.04 0.03 0.01 -0.02 0.05 
 
-0.05 
 
0.03 
LWG 0.31 0.3 0.23 0.25 0.18 0.25 0.21 0.22 0.22 0.21 0.18 -0.01 
EOP 0.24 0.23 0.24 0.21 0.27 0.21 0.2 0.2 0.19 0.19 0.17 -0.03 
SLE 0.09 -0.04 -0.08 -0.05 0.02 0.01 -0.07 -0.05 0.01 0.04 -0.02 0.04 
NEB 0.28 0.25 0.32 0.33 0.28 0.21 0.17 0.17 0.17 0.2 0.37 0.09 
RFI 0.07 0.03 0.01 0.02 0.15 0.23 0.16 0.13 0.14 0.24 0.02 0.09 
LBP 0.22 0.23 0.23 0.22 0.13 0.08 0.06 0.05 0.03 0.1 0.14 0.04 
SBP 0.03 0.01 0.02 0.003 0.01 0.07 0.06 0.05 0.05 -0.03 0.02 0.04 
LSB 0.04 0.06 0.03 0.04 0.07 -0.03 -0.06 -0.05 -0.04 0.1 -0.07 0.13 
LSW 0.05 0.03 0.03 0.05 -0.04 0.03 0.04 0.03 0.04 -0.04 0.02 0.04 
Mean 
accuracy 
0.15 0.13 0.13 0.14 0.13 0.15 0.12 0.12 0.12 0.14 0.12 0.06 
BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight loss; BFL = Back fat loss; LDL = 
Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; RFI = 
Residual feed intake; NEB = Net energy balance 1; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW = Litter size at 
weaning
2
0
6
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Table 5.7. Regression of phenotypes corrected for fixed effects on GEBV estimated using 
BayesB and PEBV from PBLUP for within breed prediction scenarios 
Traits 
Yorkshire  Landrace 
GEBV based on  PEBV based on  GEBV based on  PEBV based on 
Parity 
1 
All 
parities 
 
Parity 
1 
All 
parities 
 
Parity 
1 
All 
parities  
Parity 
1 
All 
parities 
BWF 0.64 0.85  0.78 0.95  0.63 0.75 
 
1.44 1.03 
BFF 0.78 1.01  0.59 1.03  0.26 0.68 
 
0.23 0.83 
LDF 0.84 0.76  1.05 1.19  0.27 1.24 
 
3.14 1.65 
BWL 0.96 0.35  0.83 0.61  0.85 0.95 
 
0.76 0.86 
BFL 0.29 0.26  -0.85 -0.65  1.65 0.65 
 
2.49 0.99 
LDL 2.7 1.05  2.16 1.08  1.55 1.25 
 
1.27 1.1 
TFI 1.6 1.05  1.8 1.24  1.48 1.67 
 
2.5 1.9 
EIP -0.7 -0.12  ne -2.34  1.46 0.24 
 
ne 0.41 
LWG 1.02 1.39  1.06 2.35  1.34 1.31 
 
1.6 1.6 
EOP 0.67 1.54  1.33 2.65  1.04 1.13 
 
2.8 1.27 
SLE 0.06 -0.27  ne ne  1.3 0.02 
 
ne 0.44 
NEB 0.25 0.24  -0.17 -0.02  1.5 0.73 
 
2.8 1.2 
RFI 0.56 1.12  1.03 0.9  0.41 1.19 
 
1.6 1.8 
LBP -0.62 0.83  -2.7 -2.33  1.39 0.94 
 
1.14 1.7 
SBP 1.95 1.21  -1.35 -0.54  0.06 0.54 
 
-1.26 -1.3 
LSB 1.37 0.92  -2.64 -0.58  -0.1 -0.19 
 
0.48 0.91 
LSW 3.4 2.77  ne 0.67  0.09 1.85 
 
ne 2.6 
Mean Bias 0.93 0.88  0.21 0.39  0.89 0.88  1.50 1.12 
ne = The regression coefficients were not estimable as the sow additive genetic variance for these traits were almost 
zero from PBLUP; PBLUP = pedigree based BLUP;  GEBV = genomic estimated breeding values; PEBV = EBV 
from PBLUP; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; 
BWL = Body weight loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy 
input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow lactation efficiency; RFI = Residual feed 
intake; NEB = Net energy balance 1; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; 
LSW = Litter size at weaning 
 
Discussion 
A study was conducted to evaluate the accuracies of genomic predictions using SNP 
genotypes for traits associated with lactation and reproduction in Yorkshire and Landrace sows. 
In total 17 traits were studied which can be broadly divided into pre-farrow traits, energy input 
traits, energy output traits, lactation efficiency traits and reproduction traits. The marker effects 
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were estimated using four different Bayesian regression methods (BayesB, BayesC, BayesCπ, 
BayesC0) and accuracy of predictions were estimated and compared with the accuracies of 
pedigree-based prediction using the PBLUP method. The training set used were either of the 
same breed as that of the validation group or a mix of two breeds or entirely different from the 
validation data set. The response variables used were either the parity 1 records or a weighted 
average of phenotypes from across three parities. 
Genomic prediction 
Most of the traits of economic importance in livestock breeding (e.g. milk yield, body 
weight, meat quality etc.) are complex in nature and behave in a quantitative way. Traditional 
methods of genetic improvement involve calculation of pedigree-based estimated breeding 
values using phenotypes recorded either on the selection candidate and/or on its relatives, along 
with their pedigree information. The most commonly used statistical procedure for this 
estimation is BLUP (Henderson, 1975). This procedure has been very successful for traits with 
moderate to high heritability and those which are easy to measure. For traits with low heritability 
and those which are difficult to measure, utilizing the information from molecular markers can 
be a good alternative.  
Recent technological advances in molecular genetics such as the sequencing of multiple 
livestock genomes, have improved our ability to use DNA polymorphisms in livestock selection 
more effectively. Sequencing of the genome, along with the development of algorithms and 
technologies that allow the development of high density SNP chips (Matukumalli et al., 2009) 
have resulted in a dramatic reduction of the cost of SNP genotyping. Development and 
demonstration of statistical methods that can utilize this high density marker information by 
Meuwissen et al. (2001) has augmented this development. This has led to a revolution in 
utilizing molecular marker information in animal breeding (Hayes et al., 2009). 
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Various statistical methods have been proposed and developed for estimating the EBV of 
chromosomal fragments. The major difference between these methods is in the assumptions 
made about the distribution of SNP effects, which in turn reflects the distribution of QTL effects 
and the LD between SNPs and QTL. In this study, we utilized Bayesian variable selection 
methods that were developed for genomic prediction by Meuwissen et al. (2001), wherein 
multiple markers are fitted simultaneously, to estimate the effect of markers or genomic regions 
on the trait. Compared to single marker analysis, where generally the significant association 
explains only a small fraction of the genetic variance of the trait, multiple SNP methods fit all 
markers simultaneously as random effects, and are able to account for most of the genetic 
variance in the population (Fernando and Garrick, 2013). SNP effects estimated by 
simultaneously fitting all the SNP genotypes capture the partial effect of a SNP on phenotype, 
adjusted for all other SNPs in the model (Garrick and Fernando, 2013). The Bayesian regression 
methods (BayesB, BayesC, BayesC0 and BayesC), implemented in the GenSel software 
(Fernando and Garrick, 2009) were used in this study to estimate the marker effects, and the 
correlations obtained between the GEBV and fixed effect corrected phenotypes in the validation 
data set were compared with the correlations obtained between fixed effect corrected phenotype 
and PEBV obtained from pedigree information using conventional BLUP methodology.  
The posterior means of  obtained in this study ranged from 0.959 to 0.998 in Yorkshire 
sows and from 0.969 to 0.999 in Landrace sows for estimating the marker effects across all 
parity. For estimation of marker effect based on parity 1 information, the values of  ranged from 
0.973 to 0.998 in Yorkshire sows and 0.976 to 0.998 in Landrace sows. This suggests that on 
average across different traits and different Bayesian regression methods, between 53 and 2164 
markers explained the variation for the respective traits.  In a study regarding the production 
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traits of layer chicken, Wolc et al. (2011) reported that the values of  estimated from the data 
using BayesC ranged from 0.19 to 0.99. This difference might be due to the characteristics of 
the traits studied. A high value of  suggests that a limited number of markers might explain 
most of the genetic variation of the traits.  
Training and validation groups 
Implementation of genomic selection requires a training or reference population for 
estimating the marker effects, which includes individuals that are measured for the trait and 
genotyped for the SNP markers. The accuracy of estimating marker effects from the training 
population depends on various factors such as the size of training population, trait heritability, 
genome size, effective population size, number of QTL, marker density, distribution of the 
effects of QTL, and the method used for estimating the effects (Daetwyler et al., 2008; Goddard 
and Hayes, 2009; Meuwissen et al., 2013). The marker effects estimated from the training 
population are evaluated on a validation population consisting of genotyped animals with 
phenotypic records. In most breeding programs, the selection candidates are younger animals in 
the population, and this situation can be mimicked by splitting the genotyped animals into 
training and validation groups based on date of birth and assigning older animals to the training 
set and younger animals to the validation set. Validation on younger animals is realistic if the 
target population for implementation of genomic selection is the progeny generation of the 
training set (e.g., dairy cattle, pig, chicken) but may overestimate the accuracies of GEBV for 
selection candidates that are less related to the training set (e.g., beef cattle) (Saatchi et al., 2013). 
In beef cattle, validation using less related training sets, rather than immediate progeny may 
better reflect accuracies achieved on selection candidates. Strategies such as K-means clustering 
are utilized in such scenarios to separate the training and validation sets (Saatchi et al., 2011). In 
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the current study for all scenarios except for across breed training and validation, younger 
animals were included in the validation set. For within breed prediction, around 85% of the 
genotyped animals were retained in the training set and the rest in the validation set. In across 
breed training, all animals in a breed (Yorkshire or Landrace) were considered as either the 
training or validation set. 
Traits and heritabilities 
Bergsma et al. (2009) has described in detail the energy metabolism in a lactating sow, 
based on the works of Noblet et al. (1990) and Everts et al. (1994). Major sources of energy for a 
lactating sow are feed intake and body reserves mobilized during lactation, which are considered 
as energy inputs for a sow during lactation. Energy thus available is used for growth and 
maintenance of the sow and for producing milk. That part of the energy utilized for producing 
milk, which in turn is used for growth and maintenance of piglets, is considered as output from 
the sow during lactation. Quantification of these energy sources allows the overall energy 
efficiency of sow during lactation to be assessed. Most traits defined for this study are related to 
the energy partition within a sow during lactation, and can be broadly divided into pre farrow 
traits, energy input traits, energy output traits, and overall efficiency traits (Table 5.2). The pre-
farrow traits included were body weight, back fat and loin depth measured before farrowing. 
Traits included in the input category were body weight, back fat and loin depth loss during 
lactation, total feed intake during lactation and total energy input from feed and body resources. 
Traits litter weight gain and energy content in milk estimated from body weight of piglets were 
included in the output category. Overall energy efficiency of sow during lactation was measured 
as either sow lactation efficiency, residual feed intake or as net energy balance. For each trait, 
heritabilities were also estimated separately for parity 1 measurements and across parities, using 
212 
 
single trait animal models. A detailed discussion of the sow characteristics and genetic 
parameters of these traits in this population is in chapter 2. 
Accuracy of prediction 
To design and implement breeding programs incorporating genomic information, we 
need to estimate how accurately GS can predict the genetic merit of the selection candidate or 
how large the reference population should be to achieve the desired level of accuracy 
(Meuwissen et al., 2013). So investigating accuracies obtained by different statistical methods 
helps to design breeding programs incorporating genomic selection. The accuracy of GEBV is 
derived from markers that capture additive genetic relationships and which are in linkage 
equilibrium with QTL and from markers that are in linkage disequilibrium with QTL (Habier et 
al., 2007; Daetwyler et al., 2012).  
Accuracies of GEBV can be estimated as the genetic correlation between the GEBV and 
trait phenotypes in the validation group or by estimating the correlation between GEBV and 
phenotypes corrected for fixed effects and dividing it by the square root of heritability 
(Andreescu et al., 2010; Daetwyler et al., 2010; Saatchi et al., 2011; Wolc et al., 2011; Saatchi et 
al., 2013).  Accuracy of prediction in this study was based on the correlation between the GEBV 
and phenotypes corrected for fixed effects. To obtain an unbiased estimate of this accuracy we 
have to divide this correlation by the square root of the heritability of that trait (Meuwissen et al., 
2013). This scaling was not performed in this study, as the pedigree based estimates of 
heritability were close to zero for some traits (EIP, SLE, LSW) (Table 5.4), and hence accuracies 
were not estimable for those traits 
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1. Within breed training and validation: (a) Using data from parity 1 records: The 
accuracies calculated as correlations between EBV (from Bayesian regression methods) and 
parity 1 phenotypes corrected for fixed effects were compared to the correlations calculated 
between PEBV and parity 1 phenotypes corrected for fixed effects, for the animals in validation 
data set (Table 5.5 and Table 5.6). In Yorkshire sows, the mean accuracy across all traits 
indicated that the Bayesian regression methods performed better than pedigree based methods 
and among the Bayesian methods, BayesB performed better than the other three methods. A 
similar trend was observed in Landrace, but the differences between models were less obvious. 
(b) Using data from all three parities: By adding more information to the training data set, the 
accuracy of both GEBV and PEBV increased in Yorkshire sows, but in Landrace sows the 
accuracies were similar to those observed for parity 1 phenotypes. For LDF and TFI in Yorkshire 
sows and BWL, BFL, LWG, EOP and NEB in Landrace sows, training on parity 1 records 
resulted in slightly higher accuracies than training on multiple parity phenotypes.  
Generally, traits that has a low pedigree based estimate of heritability (BFL in Yorkshire, 
EIP and SLE in Yorkshire and Landrace) showed near zero (sometimes negative) accuracies, 
whereas accuracies increased for traits with higher heritability. Wolc et al. (2011) reported 
similar trends for egg production traits in layer chicken. But this pattern was absent in 
reproduction traits, for which the pedigree based estimates of heritability were low in Yorkshire 
sows, but the accuracies ranged from 0.15 to 0.18, whereas in Landrace sows the heritability 
estimates were moderate, but the accuracies were low, ranging from -0.06 to 0.10.  
2. Training on multiple breeds and validating separately in each breeds using data 
from parity 1 records: In this scenario, only BayesB was used for genomic prediction, as it had 
the highest accuracy among the Bayesian regression methods for within breed training and 
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validation. For most traits, adding data from the other breed to the training data resulted in only 
small changes in accuracies (Table 5.5 and Table 5.6), ranging from -0.06 to 0.13 in Yorkshire 
sows and from -0.09 to 0.13 in Landrace sows. The average change in accuracy across all traits 
was almost zero for Yorkshire sows and 0.02 for Landrace sows. These changes were not 
consistent for the two breeds. For example for the feed intake (TFI), by adding data from the 
other breed, the accuracy decreased in Yorkshires but increased in Landrace. Saatchi et al. 
(2013) observed similar trends of slight changes in accuracies of GEBV for Argentinian Herford 
and Canadian Herford cattle by using a training population of multiple breeds. Brondum et al. 
(2011) reported that a combined reference population of Swedish and Finnish red dairy cattle 
resulted in an increase in mean reliabilities for 17 traits associated with milk yield from 0.19 to 
0.26. Similarity of the breeds studied and the large number of observations used in the reference 
population might be the reason for this increase in accuracy.  
3. Between breed training and validation: In this scenario, all genotyped animals in 
one breed were used for training, and the effects estimated were validated on all animals from 
the other breed. As expected, the accuracies of GEBV were very low (Table 5.5 and Table 5.6). 
The average accuracies were 0.06 in the Yorkshire validation set and 0.03 in the Landrace 
validation set. Prediction across breed is more problematic because breeds might have different 
QTL, and allele frequencies may also vary between breeds. Similarly, the effect of epistasis and 
dominance might be different in two breeds. Also, linkage disequilibrium between markers and 
QTL in one breed may not be consistent in other populations, so training on one breed may not 
be effective to predict the GEBV in other breeds (Garrick, 2011).  
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Bias of GEBV 
The presence of bias in the estimation of GEBV/PEBV was evaluated by regressing the 
phenotypes corrected for fixed effects of the validation individuals on the estimated 
GEBV/PEBV. Compared to PEBV the bias was lower for GEBV. Similar to the estimates of 
accuracies, bias also differed between traits and for different response variables (parity 1 
phenotype or average across parities) (Table 5.7). Average of regression coefficients across all 
traits ranged from 0.88 to 0.93 for GEBV and from 0.21 to 1.50 for PEBV. Wolc et al. (2011) 
reported regression values of less than 1 (0.8 to 0.86) for traits associated with egg production in 
layer chicken. Saatchi et al. (2011; 2013) for various traits in multiple beef breeds reported a 
regression coefficient of 0.93 to 0.94 by using the K-means clustering method for validation and 
from 1.03 to 1.09 when validating on younger animals. For French Charolais beef cattle, Gunia 
et al. (2014) reported that regression coefficients varied from 0.65 to 0.91 for traits associated 
with birth weight, weaning weight, calving ease and muscular and skeletal development.  
Across all scenarios, in general our results showed that the accuracies of marker based 
estimates of GEBV were higher than the pedigree based estimates. Unlike in other species (like 
dairy cattle, beef or chicken), we could not find any published reports of accuracies of genomic 
prediction for traits associated with reproduction and energy partition during lactation in pigs to 
compare our results to. Gjerlaug-Enger et al. (2014) compared the accuracies of GEBV and 
PEBV (scaled correlations between EBV and phenotype) for the intramuscular fat (IMF) in 
Landrace and Duroc boars. They concluded that the marker based correlations ranged from 0.35 
to 0.68 whereas pedigree based correlations ranged from 0.16 to 0.45, indicating that there was a 
significant improvement in the accuracy of marker based estimates. Lillehammer et al. (2013), 
using a stochastic simulation of nucleus pig breeding population with size and structure similar 
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to Norwegian Landrace population, concluded that selection of boars on GEBV increased the 
total genetic gain by 13% and reduced the rate of inbreeding by 40% without significantly 
affecting the relative contribution of each trait to the total genetic gain. Große-Brinkhaus et al. 
(2014) reported that using genomic selection methodologies for selecting against boar taint in 
Pietrain boars were effective. They could attain accuracies of 0.51 to 0.61 (calculated as the 
correlation between GEBV and EBV, using fivefold cross validation) for the GEBV estimated 
using genomic BLUP method. Similar trends were reported by Wolc et al. (2011) for accuracies 
for prediction of production traits in layer chicken; Saatchi et al. (2013) for reproductive and 
meat quality traits in beef cattle; and Hayes et al. (2009) for traits associated with milk 
production for dairy cows from Australia, New Zealand, United States and Netherlands. 
Comparing different Bayesian regression models we found that for the majority of traits 
BayesB had the highest accuracy, but for some traits the highest accuracies were obtained using 
other Bayesian regression models (BayesC, BayesCπ and BayesC0). This might be because of 
differences in the genetic architecture of the traits, as each Bayesian regression method has 
slightly different assumptions regarding the distribution of the marker effects, and the optimal 
assumption might differ by trait.  
For majority of traits in both breeds, the accuracies of GEBV measured as the correlation 
between GEBV and phenotypes corrected for fixed effects were higher than that obtained from  
pedigree based estimates, and this highlights the potential use of this methodology in swine 
breeding. But, for incorporating genomic information into routine genetic evaluations, marker 
based estimates have to be combined with traditional evaluation methods. Different methods can 
be used to blend or combine these two sources of information. The dairy industry in United 
Stated uses a selection index method to combine the genomic information and traditional 
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evaluations (VanRaden et al., 2009; Wiggans et al., 2011). Another method is a single-step 
approach called “single-step BLUP”, which incorporates all pedigree, genotype and phenotype 
information available from both genotyped and non-genotyped animals in the training data set 
(Misztal et al., 2009). Garrick et al. (2014a) recently introduced a Bayesian approach to combine 
the information from all genotyped and non-genotyped animals. As suggested by the authors, 
compared to single-step BLUP method, this Bayesian regression method does not require direct 
inversion of large matrices and is well suited for parallel computing approaches. Also, this can 
be extended to other commonly used Bayesian regression methods like BayesA, BayesB, 
BayesC, BayesCπ and GBLUP.   
Genomic selection in pigs 
Implementation of genomic selection in routine evaluations in pig breeding came to a 
reality only in 2009, after the release of a 60k SNP panel for pigs (Ramos et al., 2009). 
Compared to other livestock species, pig breeding has some inherent limitations in adopting 
genomic selection into routine evaluations. The value of a selection candidate in pig is much 
lower when compared to other species such as dairy bulls, and opportunities to reduce generation 
interval by genomic selection are limited in swine breeding (Van Eenennaam et al., 2014). In 
addition, genomic selection requires a continuous input of phenotypic data for retraining, i.e. the 
cost of collecting phenotypes is not going to decrease. Unlike in dairy or beef cattle, genomic 
selection in pigs requires a training dataset for each breed or line, for each breeding organization. 
In a review, Van Eenennaam et al. (2014) listed a few constraints in implementing genomic 
selection in routine basis in pig breeding, like developing specific software, database, tissue or 
DNA storage facilities and computing infrastructure. This situation is further complicated by low 
heritability of some economically important traits which are easy to measure such as litter size, 
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as low heritability traits requires large training populations to estimate marker effect (Blasco and 
Toro, 2014). In general for implementing GS in pig breeding, the companies need huge 
investments, and each breeding organization has to implement this separately. So sharing of 
resources might be an effective approach for small and medium sized organizations (Van 
Eenennaam et al., 2014). Another way to minimize the cost component is by using low-density 
SNP panels (Habier et al., 2009; Wellmann et al., 2013), but this option needs further research in 
pig breeding.   
Conclusions 
The results obtained from this study are promising, indicating that GS selection methods 
have a future in pig breeding, especially for traits with low heritability and those which are 
difficult to measure. The training data set used in this study was very small compared to similar 
works in dairy cattle, beef cattle or chicken. A bigger training data set can help to estimate the 
marker effects more accurately. Compared to other species, the economic burden is high in pigs 
for incorporating GS into routine evaluation programs. So further studies are required on 
utilizing technologies like low density SNP panels to reduce the cost of implementation of GS. 
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Supplementary Materials 
 
Supplementary Table 5.1. Number of records in the training and validation data in various scenarios 
Trait Group 
Within breed prediction 
Across breed training and 
validation on  
Training on 
Landrace 
and 
validating 
on 
Yorkshire 
Training on 
Yorkshire 
and 
validating 
on 
Landrace 
Yorkshire Landrace Yorkshire Landrace 
Across 
parities 
Parity 
1 
Across 
parities 
Parity 
1 
Across 
parities 
Parity 
1 
Across 
parities 
Parity 
1 
Across 
parities 
Across 
parities 
BWF Tr 1269 620 1045 532 2314 1152 2314 1152 1159 1394 
 
Val 125 125 114 114 125 125 114 114 1394 1159 
BFF Tr 1268 618 1046 533 2314 1151 2314 1151 1160 1393 
 
Val 125 125 114 114 125 125 114 114 1393 1160 
LDF Tr 1268 616 1046 533 2314 1149 2314 1149 1160 1393 
 
Val 125 125 114 114 125 125 114 114 1393 1160 
BWL Tr 1124 599 1011 509 2135 1108 2135 1108 1125 1246 
 
Val 122 122 114 114 122 122 114 114 1246 1125 
BFL Tr 1209 594 995 506 2204 1100 2204 1100 1109 1330 
 
Val 121 121 114 114 121 121 114 114 1330 1109 
LDL Tr 1209 592 995 506 2204 1098 2204 1098 1109 1330 
 
Val 121 121 114 114 121 121 114 114 1330 1109 
TFI Tr 1271 620 1047 534 2318 1154 2318 1154 1161 1397 
 
Val 126 126 114 114 126 126 114 114 1397 1161 
EIP Tr 1169 575 950 479 2119 1054 2119 1054 1064 1289 
 
Val 120 120 114 114 120 120 114 114 1289 1064 
LWG Tr 1270 620 1045 532 2315 1152 2315 1152 1159 1396 
2
2
3
 
 
 
Supplementary Table 5.2. continued 
 Val 126 126 114 114 126 126 114 114 1396 1159 
EOP Tr 1270 620 1044 532 2314 1152 2314 1152 1158 1396 
 
Val 126 126 114 114 126 126 114 114 1396 1158 
SLE Tr 1169 575 950 479 2119 1054 2119 1054 1064 1290 
 
Val 121 121 114 114 121 121 114 114 1290 1064 
RFI Tr 1165 569 956 477 2121 1046 2121 1046 1068 1285 
 
Val 120 120 112 112 120 120 112 112 1285 1068 
NEB Tr 1165 569 956 477 2121 1046 2121 1046 1068 1285 
 
Val 120 120 112 112 120 120 112 112 1285 1068 
LBP Tr 1271 620 1047 534 2318 1154 2318 1154 1161 1397 
 
Val 126 126 114 114 126 126 114 114 1397 1161 
SBP Tr 1271 620 1047 534 2318 1154 2318 1154 1161 1397 
 
Val 126 126 114 114 126 126 114 114 1397 1161 
LSB Tr 1271 620 1047 534 2318 1154 2318 1154 1161 1397 
 
Val 126 126 114 114 126 126 114 114 1397 1161 
LSW Tr 1271 620 1047 534 2318 1154 2318 1154 1161 1397 
 
Val 126 126 114 114 126 126 114 114 1397 1161 
Tr = Training set; Val – Validation set ; BWF = Body weight at farrowing; BFF = Back fat at farrowing; LDF = Loin depth at farrowing; BWL = Body weight 
loss; BFL = Back fat loss; LDL = Loin depth loss; TFI = Total feed intake; EIP = Energy input; LWG = Litter weight gain; EOP = Energy output; SLE = Sow 
lactation efficiency; RFI = Residual feed intake; NEB = Net energy balance 1; LBP = Live born piglets; SBP = Still born piglets; LSB = Litter size at birth; LSW 
= Litter size at weaning 
2
2
4
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Supplementary Table 5.3. Mean and standard deviations of traits belonging to each category 
 
 Yorkshire 
 
Landrace 
  Parity 1 All parities 
 
Parity 1 All parities 
Trait Group Mean SD Mean SD 
 
Mean SD Mean SD 
BWF Tr 212.9 15.7 228.7 23.4  208.6 14.8 223.2 22.1 
 
Val 210.1 14.3 210.1 14.3  203.6 13.9 203.6 13.9 
BFF Tr 23.2 4.5 22.4 4.7  22.8 4.9 22.6 5.0 
 
Val 22.6 4.4 22.6 4.4  22.0 5.0 22.0 5.0 
LDF Tr 64.7 6.4 64.3 6.8  64.5 6.4 65.1 6.7 
 
Val 66.3 6.4 66.3 6.4  65.5 6.5 65.5 6.5 
BWL Tr 14.1 12.1 12.1 13.4  11.2 12.7 7.8 13.2 
 
Val 9.4 13.5 9.4 13.5  4.0 12.6 4.0 12.6 
BFL Tr 3.0 4.0 2.4 3.9  2.9 3.7 2.3 3.7 
 
Val 2.6 3.7 2.6 3.7  3.3 4.4 3.3 4.4 
LDL Tr 3.6 6.6 2.3 6.7  3.4 6.3 2.4 6.4 
 
Val 4.3 6.1 4.3 6.1  4.3 7.8 4.3 7.8 
TFI Tr 97.1 23.2 103.2 26.7  86.4 24.3 94.0 25.4 
 
Val 104.9 23.7 104.9 23.7  96.3 22.3 96.3 22.3 
EIP Tr 53.2 15.3 55.9 16.7  48.6 14.5 50.7 14.8 
 
Val 55.7 15.1 55.7 15.1  52.0 15.9 52.0 15.9 
LWG Tr 46.3 11.6 46.6 12.7  42.8 13.0 44.9 11.9 
 
Val 43.7 10.7 43.7 10.7  40.7 10.5 40.7 10.5 
EOP Tr 33.2 6.0 34.3 7.1  31.6 6.9 33.7 6.6 
 
Val 31.6 5.7 31.6 5.7  30.2 5.7 30.2 5.7 
SLE Tr 67.7 20.9 67.1 21.7  72.1 22.6 72.7 22.4 
 
Val 60.3 17.4 60.3 17.4  63.1 21.3 63.1 21.3 
NEB Tr -14.0 13.6 -11.9 14.4  -12.9 12.4 -10.2 13.6 
 
Val -11.8 13.2 -11.8 13.2  -11.6 15.4 -11.6 15.4 
LBP Tr 13.0 2.9 13.0 3.1  11.9 2.8 12.0 2.9 
 
Val 12.8 3.2 12.8 3.2  11.7 2.8 11.7 2.8 
SBP Tr 1.5 1.5 1.6 1.6  1.6 1.7 1.4 2.6 
 
Val 1.8 2.1 1.8 2.1  1.5 1.4 1.5 1.4 
LSB Tr 14.8 3.1 15.1 3.5  13.8 3.0 13.7 3.1 
 
Val 14.8 3.6 14.8 3.6  13.4 3.1 13.4 3.1 
LSW Tr 10.6 2.1 10.5 2.4  9.8 2.6 10.1 2.3 
 
Val 10.5 1.7 10.5 1.7  9.7 1.9 9.7 1.9 
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CHAPTER 6. GENERAL DISCUSSION AND CONCLUSIONS 
 
Lactation is the ubiquitous feature of all mammalian species. Dam’s energy requirement 
during lactation is high, as it has to maintain both body growth and produce milk for its 
offspring. Sows from modern pig lines also process added challenges due to various genetic and 
management changes.  Selection for reduced back fat and higher growth rate during finishing, 
along with increased litter size has resulted in higher milk production and maintenance costs for 
the lactating sow, as well as reduced body fat reserves at the time of farrowing (Eissen et al., 
2000). Better sow performance during lactation means a higher litter weight gain, decreased sow 
body tissue loss and a reduction in weaning to estrus interval. This in turn enhances the 
profitability of a commercial sow operation. But genetic improvement of traits associated with 
lactation has been hindered by the low heritability of traits and due to the difficulty in collecting 
accurate phenotypes associated with feed intake, body composition and litter productivity. The 
main goal of this thesis was to understand the genetic basis of sow lactation performance traits 
and to investigate methods (pedigree based and genomic methods) for the genetic improvement 
of these traits.  Data were collected on the first two/three parities of purebred Yorkshire and 
Landrace sows from a commercial nucleus breeding farm and from an experimental selection 
line of Yorkshire sows. Traits studied were grouped into five categories, namely pre-farrow 
traits, energy input traits, energy output traits, efficiency traits and reproduction traits. 
This chapter is divided into ten sections. In the first section, we discuss the relationship 
between lactation performance and reproductive performance in sows, and in the next section we 
discuss various sow factors affecting milk production and the relationship between those factors. 
The overall energetic efficiency of sow during lactation is covered in section 3. In part four, we 
try to analyze the differences between sow performance  in parity 1 and 2. The traits that can be 
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used as indicator traits for economically relevant traits are discussed in part five. A window on 
chromosome 2 was found to have a big impact on litter weight gain in parity 2 Yorkshire sows. 
We discuss this quantitative trait loci (QTL) in part seven. The genome wide association study 
(GWAS) which lead to the discovery of the QTL is discussed in section six. In part eight, we 
discuss the advantages of genomic prediction over traditional pedigree based selection for 
lactation traits. Within each section, we have discussed the future possibilities and hence a 
separate section for that is not included. In part nine we discuss the overall conclusion and we 
end this chapter with a section on implications of this work.  
Factors affecting reproductive performance 
Energy input and future reproductive performance: Feed consumed and body reserves 
mobilized during lactation are two major sources of energy for lactating sows. Noblet et al. 
(1990) have shown that metabolizable energy requirements of a lactating sow are high, and 
usually not met by voluntary feed intake. Therefore, to meet the energy demand sows mobilize 
body reserves and lose weight during lactation. The physiological drive of a lactating sow to 
produce milk at the expense of other body functions is a key component of the metabolic state of 
lactating sow, and is controlled by factors such as genetics, parity, stage of lactation and litter 
size (Pettigrew et al., 1993). Excessive mobilization of body resources can affect future 
reproductive performance. In this study, body reserves mobilized during lactation were measured 
as body weight loss, back fat loss, loin depth loss, fat mass loss and protein mass loss. In general, 
sows (all three breeds) lost body resource during lactation (tables 3.3 and 4.4) in all parities 
studied.   The losses were higher in primiparus sows than in sows belonging to higher parities. 
The results for feed intake show that primiparous sows consumed less feed during lactation than 
multiparous sows (tables 3.3 and 4.4). Besides this lower feed intake and greater mobilization of 
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body reserves, the fact that primiparous sows have not yet reached mature body size means that 
they are the most vulnerable for low energy supply during lactation. 
To study the impact of excessive mobilization of body reserves on future reproductive 
performance, genetic correlations of parity 1 lactation traits with parity 2 reproductive traits were 
estimated (table 2.9). In general, estimates of the genetic correlation between input traits in parity 
1 and reproductive traits in parity 2 were in the expected direction (unfavorable) but not 
significantly different from zero. In both breeds (Yorkshire and Landrace), traits associated with 
body resource mobilization (body weight loss and back fat loss) in parity 1 had unfavorable 
negative genetic correlations with reproductive traits in parity 2 (live born piglets and litter size 
at birth), i.e. sows with genetically high body weight and back fat loss in parity 1 were found to 
have genetically low litter size in parity 2. But these correlations were not statistically 
significant, and hence cannot be considered as conclusive. However, similar negative trends 
were reported by Schenkel et al. (2010), Eissen et al.  (2003), and Vinsky et al. (2006). Estimates 
of genetic correlations of feed intake in parity 1 with reproductive traits in parity 2 were 
favorable and positive in Landrace sows (table 2.9), but in Yorkshire sows, some of these genetic 
correlations were negative. However, these genetic correlation estimates were not significantly 
different from zero in either breed.  
The reduction of litter size in parity 2 due to excessive mobilization of body reserves in 
parity 1 may be due to fewer medium sized follicles or follicles with less follicular fluid at 
weaning (Clowes et al., 2003). In a review, Kemp and Soede (2004) provided two biological 
explanations for the reproductive failure in sows following weaning: 1) abnormal levels of 
luteinizing hormones (LH) or 2) impaired follicular development. In healthy reproductive sows, 
LH production immediately following weaning is characterized by a high frequency/low 
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amplitude pulse frequency, which induces recruitment of the then existing population of large 
follicles. Some of these follicles will grow out and ovulate at about 4 to 5 days after weaning and 
others will go into atresia. Sows in which LH pulsatility was not restored during lactation 
showed impaired LH levels and pulse frequencies immediately following weaning. Poor 
embryonic survival might also be a reason for a reduction of litter size in parity 2, as a result of 
excessive body resource mobilization or decreased feed intake in parity 1  (Willis et al., 2003).   
Kemp and Soede (2004) suggested that low feeding levels during lactation can impair follicular 
development, resulting in fewer numbers of viable follicles. A lower ovulation rate and higher 
embryonic mortality can both result in lower litter size. When ovulation rate is low or embryonic 
mortality is high, the number of embryos may be below the minimum of two per uterine horn. 
This minimum is required around day 10-15 of pregnancy for maternal recognition of pregnancy.  
Some authors have suggested that fat sows at parturition have a high risk to suffer from 
dystocia and, thus, higher probabilities of stillbirth (Goransson, 1989; Weldon et al., 1994). But 
in this study for both breeds, body composition at the time of farrowing had favorable genetic 
and phenotypic correlations with stillborn piglets (tables 2.7 and 2.8), i.e. sows with genetically 
high body reserves at farrowing had fewer stillborn piglets. Bergsma et al. (2008) also reported a 
similar trend.  
Factors affecting milk yield 
Milk, a nutritious secretion by the mother, offers reliable nourishment to the offspring 
and is a universal feature of mammalian reproduction. Milk also enhances the survival of 
offspring by satisfying other needs, like immunological competence and endocrine maturation 
(Goldman, 2002). Feed intake and body resource mobilization are major sources of energy for a 
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lactating sow.. As the energy supply during lactation is limited, a fundamental tradeoff exists 
between energy partitioned towards milk production versus growth and maintenance of the sow.  
Litter weight gain and energy output are the two traits that were used in this study to 
measure the output of a sow during lactation. Energy output (EOP) calculates the energy content 
of sow’s milk by estimating the body fat and protein mass gain of piglets from birth to weaning, 
which in turn was estimated from the body weight measurements of piglets at birth and weaning. 
The genetic correlation of litter weight gain with EOP was almost 1, and these two traits behaved 
very similarly across different analyzes (chapter 2). In the discussion hereunder, we will often 
only use litter weight gain to indicate the output of a sow during lactation.  
Genetic correlations of litter weight gain (an indicator trait for milk yield) with body 
tissue mobilization traits were significantly positive in both breeds (ranging from 0.24 to 0.57 in 
Yorkshire and from 0.29 to 0.53 in Landrace (tables 2.7 and 2.8)). Results from this study show 
that sows with a high genetic predisposition to use body reserves during lactation, also had the 
ability to wean heavier piglets at the end of lactation. This was in agreement with various other 
published results.  Bergsma et al. (2008) reported positive (non-significant) genetic correlations 
of body weight loss, fat mass loss and protein mass loss with litter weight gain.  Grandinson et 
al. (2005) reported a significant positive genetic correlation of changes in sow body weight and 
back fat during lactation with maternal genetic effects of piglet survival and with growth to 
weaning. Valros et al. (2003) reported that greater sow body weight loss during the third week of 
lactation was strongly associated (genetically) with higher piglet growth rate.  
In our study, the estimate of genetic correlation between feed intake and litter weight gain 
was not significantly different from zero. At the same time, genetic correlations of feed intake 
with traits associated with body tissue loss were strongly negative (-0.35 to -0.70) in both breeds, 
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indicating that sows that had the genetic ability to eat more during lactation showed significantly 
smaller body tissue loss. A similar trend was observed by Bergsma et al. (2008) on ad libitum 
fed crossbred sows, by Eissen et al. (2003) in primiparous Landrace and cross bred sows, and by 
Koketsu et al. (1997) in ad libitum fed primiparous sows. This pattern of association, i.e. strong 
genetic correlations of feed intake with tissue mobilization traits and a weak genetic correlation 
of feed intake with litter weight gain, indicates how the dietary energy is partitioned in the sow’s 
body. These results suggest that the feed consumed by the sow during lactation is predominantly 
used for reducing sow body tissue losses or to replenish body reserves, rather than for milk 
production. 
Feed intake and lactation: The estimate of genetic correlation between feed intake and 
litter weight gain was not significantly different from zero in either breed (tables 2.7 and 2.8). 
This pattern , i.e. milk yield independent of feed consumed during lactation, supports the 
evolutionary importance of lactation. The mammary gland is hypothesized to have evolved from 
apocrine-like glands associated with hair follicles, and later these glands evolved from providing 
primarily moisture and antimicrobials, to providing parchment-shelled eggs, to the role of 
supplying nutrients for offspring (Oftedal, 2002). Although converting food to body reserves and 
milk is relatively inefficient compared to delivering nutrients directly to offspring, the lactation 
as a process evolved because lactating females can draw their body reserves for milk production 
and this ability offers mothers and their young ones reasonable level of independence from 
fluctuations in food supply (Pond, 1977). Studies by evolutionary biologists have shown that 
lactation offers dramatic advantage in terms of success of reproduction during energetic 
shortfalls, compared to animals that nurse their young by regurgitating a portion of located food 
(Dall and Boyd, 2004). This evolutionary adaptation, which makes lactation independent of 
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fluctuations in energy supply during early lactation, might be a reason for the low genetic 
correlation between feed consumed and litter weight gain.  
Body reserve mobilization and lactation: As described above, litter weight gain was 
strongly correlated with body resource mobilization. During gestation dramatic changes occurs 
in the metabolism of mammals, as the dam has to accommodate the energetic demand for the 
developing fetus, for its own maintenance and also have to allow accumulation of energy stores 
in anticipation of lactation (Dall and Boyd, 2004). This accumulation of energy is characterized 
by increases in visceral fat, insulin production, insulin resistance and circulating lipid levels 
(Einstein et al., 2008). These accumulated energy sources, along with the energy depots that 
were replenished during the latter part of the previous lactation (by increased feed intake), act as 
a source of energy during lactation. In a review article about lactation and maternal metabolism, 
Stuebe and Edwards (2009) concluded that in rodents and humans, adipose tissue stored during 
pregnancy is mobilized during lactation. Results from our study support these findings. In both 
breeds and all parities, body reserves were mobilized during lactation (tables 3.3 and 4.4), and 
the genetic correlations between body reserve mobilization traits and litter weight gain were 
strongly positive (tables 2.7 and 2.8).  
The association between milk yield, body resource mobilization and feed intake is further 
evident from the results of the GWAS presented in chapter 4. In Yorkshire breed, sows that were 
homozygous for a marker located at 44 Mb on chromosome 2 (AA), had lower litter weight gain 
and lower body resource mobilization compared to other two genotypes (AB and BB) (figure 
4.11 and 4.12) in parities 2 and 3. At the same time, there was no difference in feed consumed 
between the three genotypes in parity 1. These results are in agreement with the hypothesis that 
milk yield in sows is genetically more closely associated with body resource mobilization than 
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with feed intake during lactation. Studies in humans and rats confirm this hypothesis. Women 
who do not lactate have greater difficulty in mobilizing fat accumulated during pregnancy, 
resulting in greater retained weight gain during gestation (Stuebe and Rich-Edwards, 2009). 
Zhong et al. (1990) assessed the body fat mass in rodents after three cycles of pregnancy without 
lactation. Non lactated animals had significantly higher percent of body fat when compared to 
lactated or non-mated control population. This shows that in rats, lactation plays a major role in 
mobilizing fat stores that accumulated during pregnancy. A similar pattern was observed in our 
study, i.e. AA sows produced less milk during parity 2 lactation, so did not mobilize body 
reserves accumulated during gestation, and hence were heavier and had higher back fat and loin 
depth at parity 2 weaning. Because of this low mobilization in parity 2, these sows were heavier 
and fatter at the time of parity 3 farrowing. As in parity 2, AA sows produced less milk in parity 
3 and this further aggravated the situation, and differences in body weight, back fat and loin 
depth between the genotypes widened by the time of parity 3 weaning (figure 4.14). 
Body condition at farrowing and milk yield: A negative genetic correlation exist between 
body reserves at the beginning of lactation and body tissue mobilization during lactation (tables 
2.7 and 2.8), i.e. sows with genetically greater body reserves at farrowing mobilized less body 
reserves during lactation. We also observed that body reserve mobilization traits were positively 
(genetically) correlated with output traits (tables 2.7 and 2.8), i.e. sows that genetically mobilized 
less body reserves weaned lighter litters. These two correlations suggest that “heavy/fat sows” at 
farrowing need not be “good mothers”. This argument is supported by the estimate of genetic 
correlation between loin depth measured at farrowing and litter weight gain. In Yorkshire sows, 
loin depth at farrowing showed significant negative genetic correlation with litter weight gain. In 
Landrace sows, this genetic correlation was also negative but had high standard errors.  At the 
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same time, estimates of genetic correlations of body weight and back fat measured at farrowing 
with litter weight gain were not significantly different from zero. Bergsma (2011) and Revell et 
al. (1998) reported that milk yield was greater in lean sows than in fat sows. Fat sows have fewer 
protein reserves to supply substrates for milk production, compared to lean sows of similar 
weight (Revell et al., 1998), which might be a reason for their lower milk production.  
Energetic efficiency during lactation and its selection 
Four traits were studied to understand the overall energetic efficiency of a sow during 
lactation. The usefulness of including these efficiency traits or their underlying traits in a 
breeding program depends on their heritability and its genetic relationship with other traits. 
Sow lactation efficiency is an efficiency trait that takes into account feed intake, body 
resource mobilization, milk yield and maintenance for its calculation.  The genetic parameters 
estimated show that the sow lactation efficiency was more strongly correlated (genetically) with 
input traits than with output traits (table 2.8). Bergsma et al. (2009) reported a similar trend in 
cross bred sows. Lactation efficiency also had a non-significant negative genetic correlation 
(unfavorable) with reproductive traits in Landrace sows, i.e. sows with (genetically) high 
lactation efficiency had less live born piglets and lower litter sizes at birth and weaning. 
Although lactation efficiency appears to represent all traits related to lactation, a selection 
strategy based on lactation efficiency may not be a good choice due to this unfavorable genetic 
correlation with various associated traits. By definition, lactation efficiency is a ratio trait and 
this might be the reason for this phenomenon.  
EB1 and EB2 are two other efficiency traits that measure the energy balance of a sow and 
are defined such that a negative value indicates a negative energy balance for sows at the end of 
lactation, and a positive value means sows gained body resources during lactation. These two 
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traits were positively correlated (genetically) with each other in both breeds (tables 2.7 and 2.8). 
Both EB1 and EB2 had strong positive genetic correlations with feed intake and negative genetic 
correlations with output traits. This shows that sows that ate more feed during lactation 
(genetically) had higher values for EB1 and EB2, i.e. such sows mobilized less body resources 
and hence produced lighter litters. This result corroborates our hypothesis that the dietary energy 
is mostly used to minimize the body tissue loss of the sow during lactation.  
Residual feed intake (RFI) was another trait used to measure the energetic efficiency of 
sows during lactation. RFI had strong significant positive genetic correlations with feed intake 
during lactation and with energy balance traits (EB1 and EB2), and negative genetic correlations 
with body resource mobilization traits. Also, genetic correlations of RFI and reproductive traits 
were negative and hence favorable. Lower RFI corresponds to sows that are energetically more 
efficient and selection for lower RFI is expected to reduce feed intake during lactation. 
Are parity 1 traits genetically different from parity 2? 
Previous studies have suggested that for reproductive traits in pigs, parity 1 records 
should be considered as a separate trait from records of parity 2 and higher.  These studies have 
shown that the genetic correlation between the parity 1 and higher were not very high, indicating 
that these traits might be genetically different (Roehe and Kennedy, 1995; Hanenberg et al., 
2001; Oh et al., 2006; Imboonta et al., 2007). To verify this, in this study, we estimated genetic 
correlations between the same trait measured in parities 1 and 2 (table 2.5 and 2.6). Overall, our 
results were in agreement with these previous reports. This was further confirmed from the 
results of GWAS conducted by parity for all traits (chapter 3 and 4). In all three breeds, for all 
traits studied, the important windows identified were different for parity 1 and 2 phenotypes 
(figures 3.1 to 3.4 and 4.1 to 4.8). Another evidence for this phenomenon is that a 1 Mb window 
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on chromosome 2 was found to have a large effect (43% of genetic variation) on litter weight 
gain in parities 2 and 3 Yorkshire sows. At the same time, this window explained only a very 
small (less than 0.1%) percentage of genetic variance for litter weight gain in parity 1 Yorkshire 
sows. Previous studies have shown that genetic correlations between the same trait measured in 
first and second parities are low, but that genetic correlations between second and third parities 
are high (Irgang et al., 1994; Hanenberg et al., 2001), suggesting that reproductive traits in parity 
1 are genetically different from parities 2 and higher. Most of these differences are attributed to 
the degree of maturity of the sow.  
Indicator traits for economically relevant traits 
For a commercial producer, lactation traits that directly influence the cost of production 
or income from production are considered as economically relevant traits (ERTs). Some of these 
ERTs might be difficult to measure due to financial constraints while others can only be 
measured later in life. In such situations, traits that are genetically correlated with ERTs can be 
used as indicator traits to predict ERTs. Results from our study show that BWF and BWL 
measured in parity 1 can be used as indicator traits for TFI and RFI measured in parity 1 and 2. 
These indicator traits have moderately high heritability (Table 2.5 and Table 2.6) and are easy to 
measure, as BWF and BWL depend only on sow body weight measured at farrowing and 
weaning and on piglet weights measured at birth. Weighing sows is an easy procedure and 
weighing piglets at birth is a standard procedure followed in all nucleus herds and hence no 
additional cost is incurred for measuring these traits. However, before proceeding, these results 
must be validated on larger data sets.  
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GWAS on sow lactation traits 
A GWAS using 60k SNP chip genotypes were conducted on traits associated with 
lactation in three breeds (chapter 3 and 4). We used a Bayesian variable selection regression 
model B (Bayes B) to estimate the effect of genomic regions on a trait. Separate GWAS was 
conducted for parity 1 and 2 phenotypes.  Except for one trait in one breed for all traits studied, 
more than 90% of the genetic variance came from a large number of genomic regions with small 
effects. The results suggest that these traits are polygenic in nature without any regions or QTL 
having a big effect. This pattern is in agreement with the explanation provided by various other 
authors on the genetic architecture of some complex traits in animals, such as egg weight and its 
standard deviation in layer chickens (Wolc et al., 2012), insect-bite hypersensitivity in horses 
(Schurink et al., 2012), RFI in grower pigs (Onteru et al., 2013), reproductive traits in pigs 
(Onteru et al., 2012), puberty and reproductive longevity in sows (Tart et al., 2013), and height in 
humans (Yang et al., 2010). All these studies suggest that a large number of SNPs are required to 
capture a substantial proportion of the genetic variation of complex traits in animals. 
Alternatively, to identify strong effects for these traits, we need greater statistical power, which 
can be attained by a larger sample size. Comparing the GWAS results from all three breeds, there 
wasn’t a window which explained a substantial amount of genetic variance for the same trait in 
all three breeds. But looking across all traits, in both parities, there were three windows that 
appeared in the top 10 selected category in all three breeds. These windows were located on 
chromosome 2 (at 107 Mb and 141 Mb) and 6 (at 50 Mb). The details (breed, parity, trait and 
percentage of variance explained) are in Table 6.1.  
 
238 
 
Table 6.1. 1 Mb windows that appeared in all three breeds along with the percentage of genetic 
variance explained for each trait in each parity 
Breed Parity Chromosome Position Trait 
% Variance 
explained 
RFI lines 2 2 107 RFI 0.21 
Landrace 1 2 107 RFI 0.14 
Yorkshire 2 2 107 LDF 0.18 
RFI lines 2 2 141 SLE 0.32 
RFI lines 2 2 141 BWF 0.15 
Landrace 2 2 141 TFI 0.1 
Yorkshire 2 2 141 BWL 0.11 
Yorkshire 2 2 141 BWF 0.11 
RFI lines 1 6 50 FMF 0.32 
Landrace 2 6 50 BWF 0.1 
Yorkshire 2 6 50 BFL 0.33 
Yorkshire 2 6 50 LDL 0.49 
RFI = residual feed intake, LDF = loin depth at farrowing; SLE = sow lactation efficiency; BWF = body 
weight measured at farrowing; TFI = total feed intake; BWL = body weight loss; FMF = fat mass at 
farrowing; BFL= back fat loss; LDL = loin depth loss 
 
 
Even though the percentage of genetic variance explained was low, a one Mb window at 
141 Mb on chromosome 2 appeared in the top 10 list, in all three breeds in parity 2 analysis. The 
traits associated with this region were body weight at farrowing in RFI lines, total feed intake in 
Landrace sows and body weight at farrowing and body weight loss in Yorkshire sows. The 
candidate gene search revealed that the genes in this region are associated with DNA repair 
(RAD50 gene), intra cellular metabolic process, protein localization, protein transport (SAR1B – 
Secretion associated, Ras related GTPase) and with immunity related functions (IL5, Interleukin 
5) (http://david.abcc.ncifcrf.gov/geneReport.jsp  accessed 27
th
 October, 2014).  
 
A large effect QTL on chromosome 2 
In contrast to the hypothesis described above (a large number of SNPs are required to 
capture a substantial proportion of the genetic variation of complex traits), a 1 Mb region on 
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chromosome 2 explained 43% of genetic variation for litter weight gain in parity 2 Yorkshire 
sows (chapter 4). The PPI (Posterior probability of inclusion: the probability that these windows 
explain more variance than the expected under a polygenic model) for this region was greater 
than 90% and the Genomic estimated breeding value (GEBV) for litter weight gain calculated by 
the BayesB method based on the 35 SNPs from this window, grouped the parity 2 sows into 
three distinct classes, suggesting the presence of a bi-allelic QTL. Previous studies have 
identified a similar phenomenon (a small region explaining large proportion of genetic variance) 
for some traits in domestic livestock species, e.g. for fat % in milk in Holstein cattle (Hayes et 
al., 2010), for viral load in a porcine reproductive and respiratory syndrome challenge 
(Boddicker et al., 2012), and for body weight at 42 to 46 weeks of age in layer chicken (Wolc et 
al., 2014). 
Of the 35 SNPs in this region, one SNP genotype that had the highest correlation 
coefficient with the GEBV was selected for detailed analysis. Least squares means calculated by 
fitting the genotype of this SNP (0, 1 2) as a fixed effect, showed that the effect of this region 
was also significant (P < 0.01) for the sow traits back fat loss, loin depth loss, body weight loss, 
energy balance traits and RFI in parity 2 and later Yorkshire sows. There was no effect of this 
SNP on traits measured before farrowing and on feed intake during lactation. Yorkshire sows 
homozygous for the unfavorable allele of this SNP (AA) produced litters of lower weight and 
mobilized less body resources during lactation in parities 2 and 3, but consumed the same 
amount of feed than the other two genotypes (AB and BB).  This pattern is in agreement with the 
genetic correlations estimated between different traits (chapter 2). We, observed a positive 
genetic correlation between body resource mobilization traits and litter weight gain, but a near 
zero genetic correlation between feed intake during lactation and litter weight gain. The results 
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from human and rat studies also support the finding that milk yield is strongly correlated with 
body reserve mobilization (Zhong et al., 1990; Stuebe and Rich-Edwards, 2009). Lower milk 
yield results in greater accumulated body reserves. Figure 4.14 explains this phenomenon. 
Yorkshire sows that were homozygous for the unfavorable allele (AA), had lower milk 
production in parities 2 and 3, i.e. they had significantly (P < 0.01) lower litter weight gain in 
parities 2 and 3. This low milk production in parities 2 and 3 might have resulted in lower body 
resource mobilization as also observed in rats.  
In parity 2, AA Yorkshire sows produced less milk and, mobilized less body reserves 
and, hence, had a significantly (P < 0.01) greater back fat, body weight and loin depth at the end 
parity 2 (at weaning).  During gestation prior to parity 3, sows again accumulate body reserves 
for parity 3 lactation. When measured at parity 3 farrowing, back fat, loin depth and body weight 
of AA sows were higher than those of AB and BB sows. This occurred because AA sows already 
had a high body weight, back fat and loin depth at weaning in parity 2 and accumulation occurs 
over and above these high starting values. As described by Stuebe and Edwards (2009), body 
reserves accumulated during gestation are mobilized or utilized during lactation but will 
accumulate if they are not mobilized.  
Based on the effects on multiple traits described above, this QTL region in chromosome 
2 might be harboring genes that control lactation in mammals or specifically in pigs, in parity 2 
and higher. In pigs, the most significant SNP in this region was located in the intronic region of a 
gene named secretion regulating guanine nucleotide exchange factor (SERGEF) on 
chromosome 2. Down regulation of endogenous SERGEF in HeLa cell lines, increased extra 
cellular secretion of proteoglycans, which indicates a possible role of this gene in secretory 
processes (Sjoelinder et al., 2002). Since lactation is a secretary process, this gene could play an 
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important role in controlling lactation. We couldn’t find any published report connecting this 
gene and lactation either in human or in any other livestock species. Also, we don’t have a 
biological explanation of why this region has an effect only on parity 2 and higher lactations and 
not in parity 1.  
The effect of this region was not observed in Landrace sows or in Yorkshire sows 
divergently selected for RFI. In Landrace sows, the frequency of the A allele was very low (0.13) 
compared to Yorkshire sows (0.37), and this resulted in an extremely small number of AA 
genotyped sows (11 in parity 1, 6 in parity 2 and 1 in parity 3). So even if there was an effect for 
this genotype in Landrace sows, the power to detect this difference was small because of the low 
frequency of AA genotypes. Another possibility is that the QTL might have been fixed in 
Landrace sows. In Yorkshire sows divergently selected for RFI during finishing, even though we 
couldn’t find an effect for this region in GWAS studies, the frequency of AA allele was high 
(0.43).  
Further studies are required to identify the reason for the high frequency of the 
unfavorable allele in the Yorkshire population compared to Landrace. The association of this 
allele with traits in the selection index might be helpful to dissect this.  As a first step, the 
LSmeans for back fat, loin depth and body weight measured during the off test (at around 145 
days of age) were estimated for the same Yorkshire and Landrace sows when they were around 
145 days of age. The results are in Table 6.2There was no significant difference between 
genotypes for the three traits studied. In Yorkshire sows, the AA gilts were found to have slightly 
lower back fat and higher loin depth compared to the AB and BB genotypes, but these 
differences were not significant.  
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Table 6.2. LSmeans for the genotypes of the most significant SNP on chromosome 2 for traits 
measured at off test for Yorkshire and Landrace gilts; standard error in parenthesis 
 Yorkshire  Landrace 
 AA AB BB  AA AB BB 
Body weight (kg) 100.8 (0.89) 101.4 (0.48) 100.9 (0.55)  101.9 (2.6) 102.8 (0.74) 101.6 (0.44) 
Back fat (mm) 12.5 (0.29) 12.8 (0.16) 13.0 (0.18)  12.0 (0.78) 12.6 (0.22) 12.4 (0.13) 
Loin depth (mm) 61.9 (0.61) 61.2 (0.33) 60.5 (0.37)  58.9 (1.8) 61.3 (0.5) 61.9 (0.3) 
 
 
Also, further studies are required to identify the underlying causative mutation that 
causes the observed phenotypic effects. Identification of the causative mutation can have a big 
impact not only on domestic livestock breeding, but also in human studies related to lactation.  
Genomic prediction 
The information collected by high density SNP genotyping can also be used for genomic 
selection, which involves the estimation of GEBV of selection candidates. To evaluate the 
potential benefits of genomic selection, accuracies of GEBV obtained with different statistical 
methods were evaluated and compared with accuracies of pedigree based estimates of breeding 
values. Using a validation set of animals that consisted of individuals from a younger generation, 
four different Bayesian regression methods (BayesB, BayesC, BayesCπ and BayesC0) and a 
pedigree based model (PBLUP) were compared, by correlating the EBV (pedigree based and 
genomic information based estimated breeding values) with phenotypes corrected for fixed 
effects. In general, traits that exhibited high pedigree based heritability had the highest genomic 
accuracy and least bias in both breeds. Overall, accuracies obtained for EBV derived using 
Bayesian regression methods were higher than the accuracies of pedigree based EBV, and among 
the Bayesian regression methods, BayesB resulted in highest accuracy and least bias. 
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In Yorkshire sows, except for litter weight gain and energy output, the accuracies did not 
change much by including additional information from parity 2 and 3 in the training population. 
The accuracy increased from 0.26 to 0.38 for litter weight gain and from 0.15 to 0.39 for energy 
output. For all other traits, the change in accuracies ranged from -0.08 to 0.09. In Landrace sows 
for three traits (loin depth at farrowing, feed intake and residual feed intake) the accuracies 
increased including information from multiple parities in training population. These increases 
might be due to the more accurate estimate of marker effect by including more information in 
training population. Change in accuracies by adding information from parities 2 and 3 to the 
parity 1 training population are given in Table 6.3 for all lactation traits and both breeds. 
The effect of the QTL on chromosome 2 on the accuracy of genomic prediction of litter 
weight gain in Yorkshire sows was further investigated by sequentially removing neighboring 
regions from the prediction process. The accuracies obtained are in Table 6.4. Removing SNPs 
from and around the QTL region on chromosome 2 (from 40 Mb to 48Mb) and 8 unmapped 
SNPs that were in in high linkage disequilibrium (r
2 
greater than 0.15) with the tag SNP 
decreased the accuracy of prediction of litter weight gain in Yorkshire sows marginally i.e. from 
0.38 to 0.37 only. This indicates that the increase in accuracy is not due to the effect of this 
region. This very small drop in accuracy even after removing a considerable number of SNPs 
might be due to the fact that the validation group in this study had only sows with parity 1 
information, and we have seen that this region on chromosome 2 has no effect on parity 1 litter 
weight gain (chapter 3). This assumption is supported by the changes in accuracy of pedigree 
based EBV of litter weight gain, which increased from 0.11 to 0.26 (Table 6.3) by adding 
information from parities 2 and 3 to the training data. So the increase in accuracies of genomic 
predictions for litter weight gain in Yorkshire sows by adding parity 2 and 3 information in the 
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training data might be due to a more accurate estimation of marker effects rather than due to 
effect of region on chromosome 2. 
 
Table 6.3. Change in accuracy of genomic prediction (BayesB method) and pedigree based 
prediction for traits associated with lactation by including information from multiple parities in 
training population when compared to having sows from only parity 1 in the training population 
for Yorkshire and Landrace sows 
Trait 
Yorkshire 
 
Landrace 
Genomic 
prediction 
Pedigree based 
prediction 
 Genomic 
prediction 
Pedigree based 
prediction 
Body weight at farrowing 0.02 0.07  0.01 -0.04 
Back fat at farrowing 0.09 0.05  -0.01 0.12 
Loin depth at farrowing -0.04 0.11  0.20 0.20 
Body weight loss -0.09 -0.01  -0.05 -0.01 
Back fat loss 0.04 -0.02  -0.05 -0.08 
Loin depth loss -0.05 0.02  0.00 0 
Total feed intake -0.08 -0.04  0.17 0.07 
Energy input 0.04 0.04  0.03 -0.01 
Litter weight gain 0.12 0.15  -0.06 0.03 
Energy output 0.24 0.14  -0.03 -0.08 
Sow lactation efficiency 0.01 0.02  -0.08 0.02 
Residual feed intake 0.01 0.01  0.16 -0.08 
Energy balance 0.02 0.04  -0.07 -0.08 
 
 
But this region on chromosome 2 might be useful to predict the litter weight gain in 
parity 2 and higher Yorkshire sows. Further studies on a much larger scale are required to 
validate this effect, i.e. both training and validation must be with in parity 2 and higher records. 
Due to insufficient records for training and validation we didn’t attempt this in the present study. 
More sows need to be genotyped and have to be kept for longer duration (more parities) to 
validate the effect of this region on the accuracies of prediction of the performance of  parity 2 
and higher Yorkshire sows.  
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Table 6.4. Accuracies of genomic prediction using BayesB method (using information from 
multiple parities in training population) for litter weight gain in Yorkshire sows by sequentially 
removing the SNPs from the neighboring region 
Scenario Accuracy 
Using all SNP markers 0.38 
Deleting 1 Mb region at 44 Mb on SSC2 0.38 
Deleting 1 Mb region at 44 Mb + 6 Mb region around 
44 Mb on SSC 2 
0.38 
Deleting 1 Mb region at 44 Mb + 6 Mb region around 
44 Mb + 8 SNPs from the unmapped SNPs that are in 
high LD with the most significant SNP on SSC 2 
0.37 
Deleting 1 Mb region at 44 Mb + 6 Mb region around 
44 Mb + 8 SNPs from the unmapped SNPs that are in 
high LD (r
2
 greater than 0.15)  with the most 
significant SNP on SSC 2 + 10 SNPs identified to be 
on SSC2 near 44 Mb using a linkage map 
0.37 
 
 
Overall, across both breeds, genomic predictions had greater accuracy than pedigree-
based predictions. Comparing different Bayesian regression models we found that for majority of 
traits BayesB had the highest accuracy and least bias, but for some traits the highest accuracies 
were obtained using other Bayesian regression models (BayesC, BayesCπ and BayesC0). This 
might be because of differences in the genetic architecture of the traits, as each Bayesian 
regression method has slightly different assumptions regarding the distribution of the marker 
effects, and the optimal assumption might differ by trait.  
Conclusions 
The current study produced a set of breed specific genetic parameters in Yorkshire and 
Landrace sows for lactation traits, estimated across parities, by parity, and between parities. 
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These estimates can be used as a starting point for developing breeding programs that include 
lactation traits. The heritabilities estimated were low to moderate for most of the lactation traits 
included in this study. The genetic correlations estimated across parities show that dietary energy 
in lactating sows is mostly used to minimize body tissue loss of sows (i.e. used for growth and 
maintenance) during lactation, rather than for milk production. Milk production is more 
genetically correlated with body resource mobilization. This study also identified some traits 
(body weight at farrowing and body weight loss during lactation) that can be used as indicator 
traits to predict some economically important traits like feed intake. 
The GWAS conducted on traits associated with lactation revealed that for all traits 
studied, except litter weight gain in Yorkshire sows, around 90% of the genetic variance came 
from a large number of genomic regions with small effects, and genomic regions with big effects 
were found to be different for the same trait measured in parity 1 and 2. A region on 
chromosome 2 accounted for a large proportion of genetic variation for litter weight gain in 
parity 2 and 3 Yorkshire sows. A similar effect for this region was not observed in Landrace 
sows or in Yorkshire sows divergently selected for RFI. This can be due to the low allele 
frequency of the most significant SNP of this region (in Landrace sows) or due to fixation of the 
QTL allele. The absence of the effects of this region on parity 1 traits, the GWAS results 
showing different windows to be significant for parity 1 and 2 for other lactation traits (chapter 3 
and 4), along with low estimates of genetic correlations between traits measured in parities 1 and 
2 (chapter 2) implies that, for traits associated with lactation in pigs, parity 1 traits should be 
considered as genetically different from parity 2.  
For most traits, accuracies obtained for Bayesian regression methods were higher than the 
pedigree based estimates, and among the Bayesian regression methods BayesB performed better 
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than other models. The results provided sufficient evidence for the presence of genetic variation 
in traits associated with lactation and hence these traits can be improved by means of selection. 
The accuracies of genomic predictions obtained indicates that genomic selection methods have a 
future in pig breeding, especially for traits which are difficult to measure. 
Implications 
The research reported in this dissertation provides evidence for the fact that improvement 
of sow lactation traits is possible through genetic selection. The genetic correlations between 
feed intake, litter weight gain and body resource mobilization indicate that dietary energy during 
lactation is mostly used for sow body growth or to replenish the mobilized body resources. In 
both breeds (Yorkshire and Landrace), body resource mobilization traits in parity 1 had 
unfavorable negative genetic correlations with reproductive traits in parity 2, i.e. sows with 
genetically high body weight and back fat loss in parity 1 were found to have genetically lower 
litter size in parity 2. These correlations were not statistically significant in our study, but 
significant unfavorable negative correlations were reported by Schenkel et al. (2010), Eissen et 
al. (2003) and Vinsky et al. (2006). Also, studies by Eissen et al. (2003) and Bergsma et al. 
(2008) have shown that excessive mobilization of body resources during lactation can have an 
unfavorable effect on weaning to estrus interval and also lower farrowing rates in successive 
parities, which in turn determines the culling rate and thereby longevity of sows. These results 
indicate the importance of sow feed intake and body resource mobilization during lactation and 
the necessity for its genetic improvement along with other traits of interest in the breeding 
program. 
To account for the energy input through feed during lactation, either RFI or feed intake 
during lactation can be used. Kennedy et al. (1993) have shown that joint selection on RFI and 
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production traits through a selection index is equivalent to selection index based on feed intake 
and production traits. As feed intake during lactation is much easier to measure than RFI, feed 
intake during lactation should be included as a trait in the selection index. 
Energy balance traits (EB1 and EB2) are traits that measure the overall energy mobilized 
from sow’s body during lactation. EB1 measures body resource mobilization based on the body 
condition of the sow measured at farrowing and weaning, whereas EB2 estimates energy 
mobilized by sow as the difference between feed energy intake and expenditure for production 
and maintenance. The average EB1 and EB2 values were negative in both breeds (EB1: -11.8 in 
Yorkshire and -10.2 in Landrace; EB2: -14.8 in Yorkshire and -17.1 in Landrace), indicating that 
sows mobilized body resources during lactation (Table 2.4). These two traits were positively 
(genetically) correlated with each other in both breeds (0.85 in Yorkshire and 0.73 in Landrace) 
(Tables 2.7 and 2.8). The results show that either of these traits (EB1 or EB2) can be included in 
a maternal selection index, along with feed intake during lactation to improve the overall 
energetic efficiency of sow during lactation, along with other grow finish traits.   
As some traits associated with lactation performance (for example feed intake) are 
difficult to measure on routine basis, an alternative is to use molecular marker information for 
selection. In chapter 5, we found that accuracies of predictions of breeding values obtained using 
Bayesian regression methods based on molecular marker information were higher than the 
accuracies from pedigree-based predictions. These results are promising, especially for traits that 
are economically important and that are difficult to measure, and reiterates the importance of 
incorporating genomic selection methodologies into routine genetic evaluation programs in pigs.  
A QTL for litter weight gain and sow body resource mobilization in parities 2 and 3 was 
identified in Yorkshire sows, but not in Landrace sows. Although additional studies are required 
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to estimate the effect of this region on other traits of economic importance, information from this 
study will help breeding companies to identify and avoid breeding Yorkshire sows that carry two 
copies of the unfavorable allele (AA). Decreasing the frequency of the unfavorable allele can 
have an impact on the profitability of the nucleus operation, especially multiplier nucleus, as 
multiparous Yorkshire sows that are homozygous for the unfavorable allele wean a smaller (by 
around 1.5 piglets) and lighter (by around 10 kg) litter than the other two genotypes.  
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